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ABSTRACT
Electrical activity at volcanoes has been recently recognized as a potential new remote
sensing technique for plume-forming eruptions. Volcanic electrical activity takes place in the
conduit and plume and therefore has the benefit of being a direct indicator of surface activity.
This is unlike seismic signals, which indicate magma/gas movement underground, and
infrasound signals, which indicate a surface explosion but not necessarily the formation of an ash
plume. There are two distinct types of volcanic electrical discharges: volcanic lightning and
continual radio frequency (CRF) impulses. This dissertation explores the relationships between
these two electrical signals and other commonly monitored volcanic parameters. For volcanic
electrical activity to be widely adopted into monitoring platforms it is important to understand
how electrical discharges at volcanoes are related to other monitored signals. I present a case
study of the electrical activity at Sakurajima Volcano, Japan. The lightning mapping array
(LMA) is used to record both lightning and CRF. I relate CRF to ash properties and show that
CRF corresponds to eruptions containing more juvenile magma that has undergone milling as it
is transported out of the conduit. Seismic, infrasound, and video data are used in conjunction
with multivariable statistical methods on a suite of electrical parameters to show that high levels
of volcanic electrical activity are related to eruptions with large infrasound signals (> 107 J), high
initial velocities (> 55 m/s), and relatively tall plume heights (> 1 km). Finally, an examination
of globally detected lightning at Bogoslof Volcano, AK shows the potential for volcanic
lightning in plume tracking (0-100 km), even after the end of the explosive phase of the eruption.
x

CHAPTER ONE:
INTRODUCTION
Recent advancements in the detection of lightning have paved the way for volcanic
lightning research. Lightning is the rapid transfer of charge between oppositely charged regions
in the atmosphere as the result of the electrical breakdown of air. When lightning occurs the flash
emits electromagnetic radiation at a wide range of frequency levels – from the very low
frequency (VLF – 3-30 kHz) up to the very high frequency (VHF – 30-300 MHz) range.
Different portions of the frequency range can provide different types of information about the
lightning. There have been a variety of systems developed to measure these radiation signals. For
example, the Lightning Mapping Array (LMA), developed by The New Mexico Institute of
Mining and Technology, uses the VHF band of 30-300 MHz (Rison et al., 1999; Behnke and
McNutt, 2014). VHF radiation rapidly attenuates as the distance from source increases (as 1/r),
requiring detection antennas to be deployed in close proximity (< 200 km) to the source. The
trade off of requiring many locally deployed systems is that the LMA uses high-fidelity Time of
Arrival (TOA) processes that enable the 4D imaging of the structure of the entire lightning flash.
On the other end of the spectrum are the VLF systems. VLF radiation can travel
thousands of kilometers without detrimental attenuation. This enables lightning to be detected by
a network of globally deployed sensors. Two systems currently in existence are, the World Wide
Lightning Location Network (WWLLN) and the Global Lightning Dataset (GLD360). WWLLN
is run by the University of Washington and currently has approximately 60 sensors distributed
worldwide. WWLLN data are archived online for public access and have a preliminary volcanic
1

monitoring system in place. This system records all lightning strokes within a 20 km, and 100
km radius around each volcano in the Smithsonian database (Ewert et al., 2010). WWLLNlabeled volcanic lightning is recorded if lightning occurs within the 20 km ring and then moves
out into the 20-100 km range. WWLLN detected volcanic lightning alerts are distributed to the
USGS Volcano Science Center within minutes of detection. The WWLLN system records the
number of strokes, which are the high current pulse of a lightning flash. A single flash may have
many strokes. For each recorded stroke the time, location, and energy of the stroke are recorded.
A 2010 detection efficiency study showed the WWLLN recorded 10.3% of all cloud-to-ground
(CG) lightning strokes globally (Abarca et al., 2010). The GLD360 is another global VLF
detection system. The private company Vaisala operates it. Vaisala does not disclose how many
worldwide sensors that it operates, however, in detection efficiency tests from 2010 it has been
determined that the GLD360 detects 70% of all CG strokes (Rakov, 2013). In addition to VLF
sensors the GLD360 also uses a proprietary waveform algorithm to more accurately detect and
measure the strokes. The GLD360 system records the time, location, polarity, current, and type
(cloud-to-ground or cloud-to-cloud) of each stroke.
In meteorological lightning the charge is generated through interactions of ice and
graupel in the upper convective portions of the thunderhead. Water content of a volcanic plume,
from magmatic or external sources, and plume heights are key factors in determining plume ice
formation (Williams and McNutt, 2005). The presence of ice in the plume influences the plume’s
electrical activity, as demonstrated at Calbuco in 2015 (Van Eaton et al., 2016). Ice formation in
a volcanic plume has been shown to affect the rate of ash aggregation, residence time, and
transport in the plume (Van Eaton et al., 2015). Volcanic electrical activity is complicated by the
added variable of ash charging and its interactions with ice formation. However, ice or graupel
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are not always present if the plume is too low in altitude (below the ice formation level).
Recent case studies and experimental work have investigated how the volcanic plume
generates enough charge to result in lightning discharges (Fig. 1.1) (Méndez Harper and Dufek,
2016; Cimarelli et al., 2014; Houghton et al., 2013; Shevtsov et al., 2016; Williams and McNutt,
2005). Lab experiments have shown that the initial charge generator is fracto-emission. In this

Fig 1.1 Example of a volcanic lightning flash at Sakurajima Volcano (modified from Fig 1 in Smith et al., 2018).

process charge is released when a fragment of solidified magma breaks apart into ash, leaving
ash particles with a net charge (Méndez Harper et al., 2015). The ash particles then differentially
charge through triboelectrification as the ash particles collide. This results in smaller particles
being more negatively charged and larger particles maintaining a positive charge (Forward et al.,
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2009). The charged particles are stratified by the turbulent structures within the plume as it
evolves resulting in distinct charge layers similar to a thunderstorm (Behnke and Bruning, 2015).
Thunderstorms are typically positive dipoles or tripoles; similarly evidence has shown that
volcanic plumes evolve from chaotic charge pockets into more defined charge layers (James et
al., 2008; Behnke et al., 2013; Behnke et al 2014; Cimarelli et al., 2016). Electrical discharges
occur throughout the development of the plume between oppositely charged sections. Large
flashes occur as the plume develops and these charged sections more clearly stratify.
Reviews of volcanic lightning have looked into broad scale trends in volcanic charging
through measurements of potential gradients (Mather and Harrison, 2006) and volcanic lightning
(McNutt and Davis, 2000; McNutt and Williams, 2010). These reviews have indicated that
volcanic lightning has been noted at volcanoes of VEI 1-6 with plume heights of 1 km – 34 km
with a peak in observations during VEI 3 eruptions with plume heights of 11 km (McNutt and
Williams, 2010). Information on the number of lightning flashes in these catalogs relies on
eyewitness accounts. Eyewitness accounts are biased towards nighttime accounts, where
lightning shows up clearly against dark skies (McNutt and Williams, 2010), as well as towards
populated volcanic areas where people would be available to see the plume develop. Inclement
weather and/or the opacity of ash-rich volcanic plumes can limit the visibility of lightning
occurring within the plume itself, as noted during recent high-speed video campaigns (Cimarelli
et al., 2016). Modern lightning detection systems are not limited in these ways and can give more
accurate counts of large-scale lightning activity regardless of time of day, weather, or observer
status allowing for the rapid advancement of volcanic lightning studies since the development of
these systems.
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Volcanic lightning has been studied at several eruptions as case studies in the past decade
including Eyjafjallajökull (Behnke et al., 2014; Woodhouse and Behnke 2014; Bennett et al.,
2010; Arason et al., 2011), Redoubt (Hoblitt, 1994; Behnke et al., 2013; McNutt et al., 2013;
Antel et al., 2014), Augustine (Thomas et al., 2010; Thomas et al., 2007), Calbuco (Van Eaton et
al., 2016), Sakurajima (Aizawa et al., 2016; Cimarelli et al., 2016; Smith et al., 2018, Aizawa et
al., 2010; Behnke et al., 2018), Kelud (Hargie et al., 2018), and Bogoslof (Smith et al., 2018;
Coombs et al., 2018). From highly detailed LMA records, Thomas et al., (2010) developed a
classification system for the different styles/scales of electrical volcanic activity (Fig. 2.1). These
include small vent discharges (which have been recently reclassified by Behnke et al., (2018) as
continual radio frequency (CRF) impulses as the result of small streamer forming processes),
near-vent lightning, and plume lightning. The difference in near-vent and plume lightning hinges
on the location and the length of the flash. Near-vent lightning is typically shorter in length (1-3
km) and located within the active jet directly at the vent of the volcano. Plume lightning on the
other hand can be greater than 10 km in length and occurs in the umbrella region of the plume. It
can also occur even after active jetting has stopped and as the plume stratifies and moves away
from the vent.
Fig 2.1 Schematic of different types of volcanic
electrical activity. (A) Continual radio
frequency impulses. (B) Near Vent Lightning
Flashes. (C) Plume Lightning Flashes.

C
10 km

B

A

C

B
20 km
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Although Thomas et al., (2009) defined these different classifications of electrical
volcanic activity with scales (as noted above) through further work, such as this dissertation, it
has been determined that the length requirements are less important than the location of the flash
within the plume. By previous definitions none of the volcanic flashes at Sakurajima could have
been considered ‘plume’ lightning because they were all less than 10 km in length. However,
flashes did occur in the upper convective region of the plumes and therefore we propose that
although small, flashes such as these may also be considered plume lightning.
Volcanic lightning has been mainly studied in VEI 2 – 3 eruptions of Vulcanian and
Plinian type. The main volcano examined in this dissertation is Sakurajima volcano in Japan,
which erupts consistently with small VEI 2 eruptions of the Vulcanian type. Vulcanian eruptions
are defined by their short (seconds to minutes) length eruptions that emit ash and gas in a
characteristic ‘mushroom’ shaped plume. The development of the plume is dependent on a
number of factors including vent shape, particle size and concentration, eruption duration, and air
entrainment (Clarke et al., 2015). The pressure build-up required for a Vulcanian explosion is
related to the development of a cap rock or plug at the top of the conduit. This plug may be
formed through the crystallization of exsolved magma or the densification of magma due to
bubble collapse (Diller et al., 2006). Then pressure builds underneath the cap rock. Burgisser et
al., (2010) suggest that this overpressure may be the result of a number of events including
magma degassing, microlite crystallization, conduit elasticity, and/or the continuing flow of
magma towards the now plugged vent. The current widely-accepted model for the formation of
Vulcanian explosions is the combination of a decompression wave and a fragmentation wave
that travel from the fractured cap rock down through the vesiculated magma in the conduit
decompressing, fragmenting, and evacuating the vesiculated magma out of the conduit to form

6

the volcanic plume (see Fig. 28.3 in Clarke et al., 2015). Burgisser et al., (2010) gives another
possible explanation of the Vulcanian explosion mechanism where after the cap rock fractures
and the overpressure is released, the vesiculated magma expands in the conduit and intersects
with a shallow and stationary fragmentation front.

Research Question
Volcanic lightning is a rapidly developing new field with wide potential applications to
volcanic monitoring. During an eruption the rapid characterization of the explosion and the
volcanic plume are important in order to accurately alert both aviation and local communities of
potential hazards. Volcanic lightning occurs within the plume and has been recorded with the
onset of an eruption (Behnke et al., 2013) if the presence of volcanic lightning can be used to
inform the monitoring community about other eruption parameters then volcanic lightning will
become a valuable tool for volcano observatories (Behnke and McNutt, 2014). This dissertation
addresses volcanic electrical activity through comparison with four complementary monitoring
techniques in order to answer to overarching question – Is there a quantifiable link between
electrical activity at volcanoes and (1) the physical characteristics of the volcanic ash, (2) The
geophysical signals from the explosive event, (3) the physical characteristics of the plume
formed by the eruption, and (4) the location of the plume even after the end of eruptive activity
at the vent? In order to answer this question a multiparametric array of monitoring equipment
including a lightning mapping array, seismometers, infrasound sensors, a variety of cameras, as
well as visual observations and ash samples were recorded/collected for the period of 28 May – 8
June 2015 at Sakurajima Volcano in Japan. I then focused first on assessing the relationship
between volcanic electrical activity, specifically the presence of the CRF signal, with textural
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and compositional ash characteristics. I used componentry, shape analysis, and microlite number
densities to investigate how CRF may indicate the type of ash in the developing plume (Smith et
al., 2018). Second, I built and used a set of multivariable statistical models to determine the
conditions under which volcanic electrical activity, lightning flashes, and CRF are most likely to
occur. Third, I derived plume characteristics from an optical flow analysis of FLIR data. These
plume characteristics were integrated into a multivariable model of overall electrical activity in
the plume. The final chapter moved away from Sakurajima and I examined how globally
detected volcanic lightning may be used in areas of low in-situ monitoring capabilities to track
the location of the volcanic plume, specifically for the 2016-2017 eruption of Bogoslof Volcano
in Alaska.

Volcanic Ash
In Chapter 2, volcanic ash samples from Sakurajima Volcano, Japan are compared to
measured electrical features. Volcanic ash is directly related to initial charge generation within
the plume. The release of charge when a fragment of magma breaks into ash is fractoemission,
leaving ash with a net charge. The transfer of charge between particles when they collide is
triboelectrification. Volcanic ash samples were collected from clean surfaces during ash fall
events at the Kurokami lab site, ~3.5 km east of the active vent, Showa Crater. Analysis of the
ash samples included particle size distribution, particle shape, groundmass crystallinity, and
componentry. Analysis of these parameters in relation to the presence of the CRF signal show
that CRF is more likely to occur when there is juvenile magma that undergoes both
fragmentation and milling in the conduit as it is transported into the plume.
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Geophysical Signals
In Chapter 3, a complete catalog of events is developed, based on seismic and infrasound
signals. For each event this catalog includes: seismic energy, seismic duration, infrasound
energy, infrasound duration, the Volcano Acoustic Seismic Ratio (VASR), the number of
lightning flashes, the total duration of electrical activity, the total number of located electrical
sources, and the noted presence or absence of CRF. This catalog is used in the development of
multivariable linear and logistic statistical models, one model for each electrical parameter.
These models indicate that different electrical parameters are highly correlated with different sets
of geophysical parameters, and that interactions between geophysical parameters play a role in
how we can interpret these relationships.

Volcanic Plume
In Chapter 4, plume parameters are determined through the application of an optical flow
code (Sun et al., 2010a,b) and a rise diagram code (Tournigand et al., 2017; Gaudin et al., 2017)
applied to the radiometric FLIR data. These two codes produce diagrams that are referred to as
Tacho Diagrams and Rise Diagrams, respectively. A catalog of 97 events is created including all
of the geophysical parameters from Chapter 3 and with the addition of the following plume
parameters determined from the Tacho and Rise Diagrams: peak vertical particle velocity, peak
plume height, peak volume flux, initial plume top velocity, and cumulative volume of the plume.
A statistical model relating only the plume variables to the total number of located sources is
created. Then a final combination model of the significant plume variables and the significant
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geophysical variables is used to create a final model of the highest correlated set of variables
with the overall electrical activity of the plume.

Global Detections
In Chapter 5, an analysis of global lightning detection systems and their potential
usefulness in active monitoring scenarios is presented. This chapter is presented in contrast to the
locally collected LMA data presented in the previous chapters. Although LMA data allows for
more detailed analysis of a plume’s electrical activity, including the identification of the CRF
signal, global networks are beneficial in the study of volcanic lightning, as they require no
instrumentation set up, maintenance, or data storage on the part of the monitoring observatory.
This chapter presents an analysis of volcanic lightning locations in comparison to satellite plume
images and Ash3D models of plume location. This analysis focuses on Bogoslof Volcano in
Alaska. Bogoslof is the first volcanic eruption where the Alaska Volcano Observatory actively
used volcanic lightning data during the eruption period as a determining factor of a plumeforming eruption was in progress. This type of globally detected lightning analysis was not
possible at Sakurajima due to lack of data. Despite the LMA recording thousands of lightning
flashes, the World Wide Lightning Location Network detected no strokes, and the Global
Lightning Dataset 360 only detected seven strokes on one day during the observation period at
Sakurajima. Therefore, the Bogoslof example is presented to show the usefulness of globally
detected lightning in a monitoring situation.
This dissertation uses a multiparametric approach to understanding volcanic electrical
activity. An increased understanding of volcanic lightning and other electrical signals will enable
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monitoring observatories to better use these signals as a new source of remote sensing
information.
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CHAPTER TWO:
CORRELATING THE ELECTRIFICATION OF VOLCANIC PLUMES WITH
ASHFALL TEXTURES AT SAKURAJIMA VOLCANO, JAPAN1
Abstract
Volcanic lightning detection has become a useful resource for monitoring remote, underinstrumented volcanoes. Previous studies have shown that the behavior of volcanic plume
electrification responds to changes in the eruptive processes and products. However, there has
not yet been a study to quantify the links between ash textures and plume electrification during
an actively monitored eruption. In this study, we examine a sequence of Vulcanian eruptions
from Sakurajima Volcano in Japan to compare ash textural properties (grain size, shape,
componentry, and groundmass crystallinity) to plume electrification using a lightning mapping
array and other monitoring data. We show that the presence of the continual radio frequency
(CRF) signal is more likely to occur during eruptions that produce large seismic amplitudes (>7
µm) and glass-rich volcanic ash with more equant particle shapes. We show that CRF is
generated during energetic, impulsive eruptions, where charge buildup is enhanced by secondary
fragmentation (milling) as particles travel out of the conduit and into the gas-thrust region of the
plume. We show that the CRF signal is influenced by a different electrification process than later
volcanic lightning. By using volcanic CRF and lightning to better understand the eruptive event
and its products these key observations will help the monitoring community better utilize
1

This chapter has been reprinted from Earth and Planetary Science Letters with permission from Elsevier as: Smith, C.M., Van Eaton, A.R.,
Charbonnier, S., McNutt, S.R., Behnke, S.A., Thomas, R.J., Edens, H.E., Thompson, G., 2018. Correlating the electrification of volcanic plumes
with ashfall textures at Sakurajima Volcano, Japan. Earth Planetary Science Letters. 492, 47–58. doi:10.1016/j.epsl.2018.03.052. Permission is
provided in Appendix V
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volcanic electrification as a method for monitoring and understanding ongoing explosive
eruptions.

Introduction
Volcanic lightning has the potential to inform about the physical processes taking place
during explosive eruptions, especially at under-monitored volcanoes (Hoblitt, 1994; Bennett et
al., 2010; McNutt and Williams, 2010; Cimarelli et al., 2016; Behnke and McNutt, 2014; Van
Eaton et al. 2016). Although the operational use of volcanic lightning is in its infancy, a major
goal is to determine relationships between electrical activity, eruptive intensity, and ash content,
which are important factors for aviation hazards and downwind communities.
Volcanic plumes differ from thunderstorm clouds by the presence of volcanic tephra,
their aerosol and gas contents, as well as temperature profiles and methods of convection. The
addition of silicate particles adds to the types of charging that contribute to plume electrification.
Thunderstorms develop charge primarily through collisional ice-graupel charging. The noninductive charging of graupel (soft hail) is the most widely accepted theory (MacGorman and
Rust, 1998). By comparison, the initially higher temperatures, seen in the near-vent portions of
volcanic plumes, inhibit the development of graupel (Van Eaton et al., 2015). Therefore, ice
charging mechanisms become important to plume lightning developing in the upper regions of
volcanic plumes where sub-freezing temperatures may promote ice formation (Saunders et al.,
2006; Williams and McNutt, 2005; Durant et al., 2008; Arason et al., 2011; Schill et al., 2015;
Van Eaton et al., 2015; 2016). During initial plume formation, magma fragmentation (fractoemission) and volcanic ash collisions (triboelectrification) are likely the dominant mechanisms
of charging (James et al., 2000; James et al., 2008; Forward et al., 2009; Lacks and Sankaran,
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2011; Houghton et al., 2013; Méndez Harper et al., 2015; Méndez Harper and Dufek, 2016). The
presence of near-vent plume electrification may hold insights into volcanic processes such as
fragmentation efficiency and eruptive intensity (Cimarelli et al., 2014; Cashman and Scheu,
2015). There is no prior work in the area of linking ash textural parameters to quantified
lightning metrics from an actively monitored eruption.
For this study, volcanic lightning was recorded at Sakurajima Volcano, Japan using the
Lightning Mapping Array (LMA) from 29 May – 5 June 2015. This follows previous studies of
LMA-detected electrical activity at volcanoes such as Eyjafjallajökull (Behnke et al., 2014),
Augustine (Thomas et al., 2010), and Redoubt (Behnke et al., 2013). From these previous
investigations, it has become clear that volcanic eruptions produce a unique signal, known as
continual radio frequency impulses (CRF), that is not present in regular thunderstorms. Our
study focuses on determining relationships among: 1) the presence or magnitude of volcanic
plume electrification in the form of CRF; 2) quantifiable ash characteristics; and 3) maximum
seismic amplitudes for a set of monitored eruptions at Sakurajima during 2015. Correlations
among these variables may allow one to use the properties/features of volcanic lightning to invert
for the properties of the ejected ash and the eruptive intensity. This could help in the future
monitoring of remote volcanoes.

Background
Sakurajima Volcano and ash analysis with respect to plume electrification
Sakurajima Volcano is located within the Aira Caldera in southern Kyushu Japan and is a
< 13,000 year old edifice that grew 8 km south of the center of the Aira Caldera (Fig. 2.1)
(Okuno et al., 1997). Historically, Sakurajima has erupted from multiple vents. The southern
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vents, Minamidake and Showa are currently active (Okuno et al., 1997). For the past ~50 years,
Sakurajima has been consistently erupting with small (VEI 2) Vulcanian eruptions producing ash
fall that reaches Kagoshima, approximately 8 km west (population ~600,000).

Fig 2.1 A) Index map of Japan, with study location boxed in red. B) Map of Sakurajima Volcano instrument sites.
The gray arrow points in the direction of Kagoshima ~ 8 km to the west, outside the frame of the map. The red
triangle represents the location of Showa crater. The two pink diamonds represent seismic stations, SAKA and
SAKB respectively. SAKA is located at the Kurokami lab site where the ash samples were collected. The nine blue
squares represent the locations of the individual Lightning Mapping Array sensors. Panel C shows a photograph of
volcanic lightning taken by co-author Harald Edens during the field campaign.

Vulcanian eruptions, such as those at Sakurajima, typically produce discrete explosions
but may also be composed of a series of explosions that may continue for days or years (Clarke
et al., 2015). The plumes of Vulcanian eruptions do not typically inject into the stratosphere and
are thus lower risk for aviation. However, the study of these common, smaller plumes adds to an
15

understanding of the smaller end-member of explosive volcanism and provides context for the
analysis of rarer, large events. Sakurajima’s eruptions range from pale, gas-rich puffs to dark,
ash-rich jets, which develop into the cauliflower shaped plumes characteristic of Vulcanian
eruptions (Clarke et al., 2015). At Sakurajima these plumes rarely ascend more than 5 km into
the atmosphere (Showa vent elevation ~ 750m) with the majority of the plumes recorded for this
study only reaching 0.5-3 km above the vent. A detailed analysis of how plume dynamics relate
to the development of volcanic lightning will be examined in future work.
At Sakurajima, Miwa et al. (2009) studied the temporal relationship between ash textures
and explosion quake characteristics to investigate conduit processes for a set of historic eruptions
at Minamidake crater from 1974-1987. Miwa et al. (2009) looked at the componentry,
groundmass crystallinity, and microlite number density (MND). They found positive correlations
between MND and seismic amplitudes as well as between MND and decompression rates. One
motivation of this paper is to further investigate this relationship by including more ash samples
taken from a wider range of event sizes. This is important because linking ash textures with
seismicity may shed light on processes of magma ascent, fragmentation, and eruptive intensity.
We note that the previous work by Miwa et al. (2009) examined ash from Minamidake
crater while this study focuses on ash from Showa crater. Iguchi et al. (2013) showed that the
two craters share a common magma chamber (~5 km depth). Two main deformation sources are
interpreted as magma chambers, one main chamber at 10 km depth centered on Aira caldera and
another at 5 km beneath Minamidake with a branched conduit off-shoot feeding Showa crater
(Iguchi et al., 2013). Aramaki and Kobayashi, (1986) showed that the chemistry of this magma
source has remained consistent since 1955. Iguchi et al. (2013) showed the depth to explosion
ranges from 0-2 km for Showa crater and from 2-4 km for Minamidaki. These differences in
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explosion depth, as well as potential differences in conduit shape may result in different ash
properties, such as shape or componentry. However, the comparison between our study of MND
and maximum seismic amplitude with Miwa et al.’s (2009) prior work on this relationship is still
valuable to see if it is a universal or specific relationship.
Miura et al. (2002) investigated grain size distributions in Sakurajima plumes in relation
to the potential gradient at the ground (using field-mill-type electrometers) as well as chargemass ratios of falling ash (using a parallel plate apparatus). They inferred that finer ash had a net
negative charge. Laboratory experiments have confirmed that particle size and span directly
impacts charge segregation in granular systems (Miura et al., 2002; Forward et al., 2009; Lacks
and Sankaran, 2011; Houghton et al., 2013; Méndez Harper and Dufek, 2016). Lacks and
Sankaran (2011) found that within a sample the (relatively) smaller particles tend to become
negatively charged during inter-particle collisions. This charging phenomenon has also been seen
in other environments such as haboob dust storms (Williams et al., 2009). The 2010
Eyjafjallajokull eruption had a high level of recorded electrical activity; with peak flash rates
reaching 1 flash per minute and 7700 discharges detected throughout the explosive period of the
eruption (Bennett et al., 2010; Arason et al., 2011; Behnke et al., 2014). During this eruption
Dellino et al. (2012) noted that the ash changed in shape from blocky to more angular, but the
timing with respect to electrical activity was not investigated. In this study, the variation in ash
shape will be compared with electrical activity. If electrical charge is being generated from
enhanced fracto-emission of ash particles during milling in the conduit this may be recorded in
more equant particle shapes during times of high electrification.
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Background on volcanic lightning
Lightning is common in Sakurajima’s ash columns (Lane and Gilbert, 1992; James et al.,
2008; Aizawa et al., 2010; Cimarelli et al., 2016; Aizawa et al., 2016). Lightning produces
broadband electromagnetic radiation. High frequencies (i.e. VHF) are best detected at close
range (hundreds of kms) and are used by the Lightning Mapping Array (LMA), which was
developed by The New Mexico Institute of Mining and Technology (Rison et al., 1999; Hamlin,
2004; Thomas et al., 2004; Behnke and McNutt, 2014). This is the detection system utilized in
the current study.
The LMA detects VHF radiation associated with the electrical breakdown of air as an
impulse or “source” of VHF radiation (Behnke and McNutt, 2014). These sources can be located
in 3-D space and grouped into distinct electrical discharges by type of event using the XLMA
flash algorithm, which is based on timing and location of the sources (Thomas et al., 2003;
Behnke et al., 2013).
There are three main divisions of volcanic lightning (McNutt and Thomas, 2015): (1)
plume lightning occurs in the upper region of the plume, sometimes even after plume
detachment. It is similar to lightning in ordinary thunderstorms and may reach flash lengths of
greater than 10 km. Plume lightning occurs due to charge separation - facilitated by separation of
particles with different settling speeds - in the upper, buoyant portions of the plume (Behnke and
Bruning, 2015). (2) Near-vent lightning is of smaller length and typically occurs close to the vent
during active jetting episodes, sometimes making ground contact with the edifice. It is
characterized by its location in the gas-thrust portion of the plume and its visual proximity to the
vent. (3) Continual radio frequency (CRF) impulses, are observed close to the vent (Thomas et
al., 2010; Behnke et al., 2013; Behnke et al., 2014; McNutt and Thomas, 2015). CRF is an
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ensemble of radiation sources, which occur over several seconds (Fig. 9a of Behnke et al., 2013),
produced by a discharge with poorly known properties. The nomenclature for volcanic lightning
studies is evolving. Previous literature has referred to CRF as “vent discharges” - in line with the
thinking that this signal was caused by leader-forming electrical discharges on the order of 10100 m in length. However, new research into the electrical properties of CRF (Behnke et al.,
2018) shows that CRF is not produced by small leader-forming discharges but is rather a signal
related to a different discharge process. CRF has been recorded specifically in conjunction with
the high-velocity jet of the eruption column and has been seen only at volcanoes, with no
analogue in thunderstorm lightning (Thomas et al., 2010). This makes CRF interesting because
it may provide a means to distinguish between volcanic and meteorological lightning.
The two main parameters of electrical activity that will be discussed in this paper are the
number of located sources (NLS) and the presence of continual radio frequency (CRF) impulses.
The NLS is a count of all VHF sources that were located by the LMA for a given time and region
of interest. The NLS represents all the electrical activity that was located for the eruptive event.
The NLS does not distinguish between types of electrical activity such as lightning flashes or
CRF, though the two are easily distinguishable by eye in the LMA data.

Methods
Ashfall sampling and preparation
From 29 May – 5 June 2015, multiple explosive events per day occurred at Sakurajima’s
Showa Crater, from a minimum of 118 recorded seismic/infrasound events on 1 June to a
maximum of 450 recorded seismic/infrasound events on 5 June. These events were recorded
using a black and white low-light, video camera (Watec) as well as a thermal infrared camera
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(FLIR SC 660) from the Kurokami observation area 3 km east of the vent (Fig. 2.1). Plume
heights of 500 m – 3100 m above the vent were determined using a combination of our video
estimates and the Japanese Meteorological Agency and Volcanic Ash Advisory Center reports
(Table 2.1). Showa crater has an elevation of approximately 750 m above sea level.
Ashfall deposits were collected from clean, exposed surfaces at the Kurokami site
approximately 3 km east of Showa crater (Fig. 2.1). Metal sheets were laid out during heavier
ash fall to aid in temporal ash sampling (Table 2.1). For each sample, the duration and time of
collection were recorded. The start time of the eruption producing each ash sample was not
recorded while in the field. To correlate the ashfall samples to specific eruptions, the low-light
video footage was examined for the time starting at the collection time and working backwards
to determine the start time of events producing a plume that travelled over the Kurokami
collection site (Table 2.1). Such visual data helped us confidently correlate ash samples with the
correct plume and geophysical data. In the case of poor visibility due to weather (samples 5-11)
the seismic and infrasound records were examined to determine the closest event that likely
generated the ash.
The ash samples were weighed and subsampled for grain size, componentry, and SEM
analyses. Material used for componentry and SEM imaging was manually sieved at > 125 µm.
The fines portion (< 125 µm) was archived and the > 125 µm portion was used for the rest of the
preparation. This fraction was chosen because it is the lower limit for which optical componentry
could be reasonably accomplished. Additionally, most samples were composed of less than 20
grams of material, and we wished to retain as representative of a portion as possible for analysis.
The >125 µm fraction was triple washed in distilled water, rinsed with ethyl alcohol, and dried to
remove sulfate precipitates and adhering fines.
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Table 2.1 Ash collection times with corresponding plume onset times, seismic event onset times,
and collected mass of ash. (All dates and times in UTC)
Estimated
Watecc
Corresponding
Collection
Plume Height Notes on Source
Plume Event Seismic/Infrasound Mass (g)
Time
Above Vent of Plume Height
Time
Event Time
(m)
9-9:15am
8:12
8:12
0.235
2900
JMA

SAK
Sample

Collection
Date

1

5/29/15

3

5/29/15

9:1510:15am

9:33

9:33

0.6

1700

Watec estimation

5

5/30/15

10:0510:21am

NA

9:15, 9:30

1.735

NA

NA

7

5/30/15

6:3010:00am

NA

9:15, 9:30

10.835

NA

NA

10

5/31/15

8:298:48am

NA

8:13

18.965

3700a

VAAC altitude
recorded at 8:29

11

5/31/15

8:48am2:35pm

NA

11:09

15.21

NA

NA
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6/4/15

7-7:10am

6:22, 6:26,
6:37, 6:44,
6:49

6:22, 6:26, 6:37,
6:44, 6:49

0.77

700

FLIR estimation

20

6/4/15

7:257:40am

7:07, 7:17,
7:27

7:07, 7:17, 7:27

1.97

2100

JMA
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6/4/15

8:309:30am

8:06, 8:23

8:06, 8:23

0.685

500

FLIR estimation

24

6/4/15

8:1510:00am

9:32, 9:52

9:32, 9:52

6.285

1800

JMA

25

6/4/15

10-10:45am

10:34

10:34

0.445

3100

JMA

26

6/4/15

10:4510:34, 11:05
11:45am

10:34, 11:05

0.31

3100, 1100

JMA, Watec
Estimation

27

6/4/15

11:45am12:39pm

NAb

12:21

2.66

1800

JMA recorded at
12:04

28

6/4/15

12:39pm13:39pm

NAb

12:41, 12:46

1.415

1800

JMA

30

6/5/15

6:256:30am

6:04

6:04

60.79

1300

Watec estimation

a

VAAC Values are given as altitude above sea-level. This value has been normalized to match the other values of
elevation above vent.
b
There is plume footage but the GPS clock was malfunctioning so only hour is known
c

Watec is the low-light camera used for continual plume observations

An important limitation of this study is the “representativeness” of the ash samples. We
collected the samples from a single location, not from the entire area covered by each ashfall.
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Therefore, the data are not representative of the total particle population produced by each
explosive event. However, the consistent collection location, generally downwind of the volcano,
and relatively narrow range of eruption energies (plume heights 0.5-3 km) does allow a
comparison across samples. Additionally, the Kurokami sample site is a common sample site for
ash from Sakurajima, including ash collection systems run by the local observatory. Therefore,
although not as representative as a total grain size distribution, our sample set represents a good
starting point for this type of analysis.
Another limitation is linking the ash sample to a known eruptive event. Field conditions
necessitated some assumptions when determining the originating plume using video and seismic
data streams. Therefore, the explosive events without visual confirmation (ashfall samples 5–11),
have an increased possibility of the sample being assigned to an incorrect seismic event.

Particle size distributions and morphology
Grain size distributions of each ashfall sample were determined using a Beckman Coulter
LS 13 320 SW Laser Diffraction Particle Size Analyzer (LDPSA) at the U.S. Geological Survey
Cascades Volcano Observatory in Vancouver, WA. The instrument measures the scattering of
light from a 780 nm laser passing through water-suspended particles to determine their grain size
distribution from 0.4 microns to 2 mm (in terms of vol. %). We assumed a refractive index of
1.55 and absorption coefficient of 0.001 consistent with volcanic glass of intermediate
composition (Horwell, 2007).
The resulting distribution curves are described by the summarizing statistics of the mean
(µm and φ), the sorting deviation (σI), and the standard deviation (µm), where the φ value is
defined as the negative log of base two of the particle diameter in mm. The more positive the φ
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value the smaller the particle. The equations for the mean and deviation statistics in φ are from
Folk and Ward (1957) and calculated by the LDPSA.
Particle shape characteristics were analyzed using the Malvern PharmaVision 830
(MPV830) at the University of South Florida. The MPV830 uses static 2-D images of the ash,
evenly dispersed over a glass plate, to calculate parameters such as diameter and roundness of
individual grains (reported as a numeric distribution). The MPV830 uses a camera attached to a
microscope and computer to scan, photograph, and analyze the particles. For this analysis, a 20x
lens was used in combination with 4x and 0.5x magnification lenses in order to fully analyze a
range of particle sizes from 0.3 microns to 2 mm. A 20 mm x 30 mm area of the glass plate was
analyzed for each sample (except for sample 7 where it was 20 mm x 20 mm) resulting in 3500
to 120,000 grains being measured per sample (Table 2.2). The diameter calculated within the
MPV830 software is the circle equivalent diameter (Leibrant and Le Pennec, 2015). The 2-D
roundness ratio is similar to the aspect ratio defined by Leibrant and Le Pennec (2015), it is
calculated within the MPV830 software by comparing the length and width of the grain; a
perfect circle has a roundness of 1.0 while a rod shaped particle would have a roundness close to
0. However, throughout this paper we will use the term aspect ratio when discussing this
roundness parameter. This is to help clarify that we are discussing the shape of the particle
(elongate or equant) and not how angular or smooth the edges are. A benefit of this instrument is
that it can assess many thousands of grains per single analysis. However, the entire ashfall
sample is analyzed, not just the juvenile material (which is the component of interest when
investigating magma fragmentation). The camera used by the MPV records backlit black and
white 2-D images of the projected shape of each grain. It is not possible to use these images to
discern the componentry of the grain.
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Table 2.2 Ashfall componentry, size, and shape results
SAK

Total
Grains
Picked

Glass
%

Lithic
%

Crystal % of Glass
Total
%
grains that are Grainsa
not 'fresh'

Mean Standarad Skew of
Mean
Aspect Deviation Aspect Diameter
Ratioa of Aspect Ratioa
(µm)b
Ratioa

Standard
Deviation
of Mean
Diameterb

Folk and Folk and
Ward
Ward
Mean
Sorting
Diameter
(φ)b
(φ)b

1
141
64.5
7.8
27.7
6.6
3544
0.65
0.20
-0.63
64.73
16.13
3.9
3
240
57.5
8.8
33.8
5.8
13805
0.64
0.21
-0.61
113.20
91.70
3.1
5
221
73.3
2.7
24.0
9.3
21505
0.68
0.20
-0.67
238.10
159.00
2.1
7
252
77.8
5.2
17.1
10.2
7059
0.61
0.23
-0.59
411.30
333.40
1.3
10
225
64.0
1.8
34.2
6.9
29820
0.67
0.21
-0.72
185.20
119.80
2.4
11
201
69.7
4.0
26.4
10.7
116356
0.69
0.18
-0.64
117.30
105.70
3.1
19
254
62.2
4.7
33.1
12.7
6506
0.46
0.25
0.18
162.90
47.85
2.6
20
272
61.4
10.7
27.9
9.0
4227
0.48
0.25
0.10
129.60
44.72
2.9
23
200
63.0
11.5
25.5
6.3
4805
0.53
0.26
-0.18
111.10
43.37
3.2
24
242
57.4
16.5
26.0
17.3
24536
0.67
0.20
-0.74
80.99
41.36
3.6
25
149
62.4
8.7
28.9
11.8
6419
0.60
0.25
-0.58
89.79
47.80
3.5
26
245
60.4
8.6
31.0
6.8
10306
0.50
0.27
0.05
120.90
65.81
3.0
27
235
60.0
2.1
37.9
4.3
15438
0.68
0.19
-0.72
103.50
36.83
3.3
28
275
60.4
2.9
36.7
6.0
20235
0.68
0.20
-0.67
69.63
45.26
3.8
30
255
60.0
8.2
31.8
15.0
97497
0.67
0.19
-0.69
131.00
138.90
2.9
a Results are from the Malvern PharmaVision and are reported as numeric distribution
b Results are from the Laser Diffractor and are reported as a volume distribution, Columns 2-6 are the results of componentry analysis

0.38
1.01
1.53
1.8
1.53
1.83
0.42
0.48
0.58
0.99
0.61
0.74
0.83
0.85
1.91

Componentry
For each ashfall sample, between 140 – 275 ash particles were randomly selected from
the >125 µm fraction and categorized for a componentry analysis using an optical microscope
under reflected light at 40x magnification (Table 2.2). The categories selected for this study are
juvenile glass, crystals, and altered/lithic grains (Fig. 2.2). Juvenile glass is defined by the high
gloss sheen on black to dark brown particles. It is subdivided into fresh and non-fresh glass with
the latter showing some minor pitting or abrasion. The fresh particles were more numerous than
the non-fresh and featured smooth sides with clearly defined edges and no pitting (Table 2.2).
The glass particles are mainly composed of dense, bubble-free glass, with microlites visible
under SEM, with the rare vesicle. The crystal fraction consists of free crystals (mostly
plagioclase and pyroxenes) with a small amount of adhering glass (~<10%). The altered/lithics
category consists of any particle showing clear signs of alteration, including highly pitted and
abraded edges/faces, and/or reddish oxidation, as well as particles of non-volcanic bedrock. A
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standard deviation from repeated measurements determined error bounds on the componentry
measurements to be less than +/- 3%.

Fig 2.2 Componentry ternary diagram. Red circles are events that had continual radio frequency (CRF) impulses.
Black circles are events without CRF. The inset microphotographs show examples of the componentry divisions.
The glass particles are glossy and black to dark brown with smooth sides. The crystal particles are free crystals with
smooth and distinct crystal faces and ranged from clear to black. The lithic particles group included any particle
showing clear signs of alteration or particles of non-volcanic bedrock.

Microlite number density and crystallinity
The plagioclase microlite number density (MND) has been related to the average
decompression and ascent rates of the magma as it moves up the conduit (e.g. Toramaru et al.,
2008). Plagioclase was chosen for the MND analysis to facilitate comparisons with previous
work at Sakurajima (Miwa et al., 2009) using the method of Toramaru et al., 2008. An increase
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in MND is related to a faster decompression rate (Toramaru et al., 2008). Additionally, higher
MND values have been related to larger amplitude (more explosive) seismic events at
Sakurajima (Miwa et al., 2009).
From the fresh glass portion of the componentry analyses, approximately 20 grains were
randomly picked for SEM mounting and analysis. The particles were mounted following the
method of Lowe (2015). Grain mounts were carbon coated and imaged using an Aspex EXPress
desktop SEM at the Cascades Volcano Observatory of the U.S. Geological Survey. A working
distance of 15–17 mm and beam energy of 20 kV were used under vacuum to obtain images of
exposed grain surfaces. SEM imaging of these grains revealed microlites of plagioclase,
pyroxenes, and Fe-Ti oxides.
To determine the plagioclase MND of the ash particles, the SEM images were imported
into ImageJ open source software (Schneider et al., 2012). The gray tone coloration between the
plagioclase microlites and surrounding glass was too similar to allow for automatic thresholding.
Therefore, each plagioclase crystal was manually identified and outlined (Fig. 2.3). ImageJ
computed the total number of outlined microlites, and their 2-D geometrical characteristics.
Between 7-10 grains were manually analyzed from each ashfall sample. The cross-sectional area
of the grain visible in the SEM image was also calculated. The areal MND was calculated by
taking the number of microlites in a specific ash grain divided by the area of the particle in µm.
Miwa et al. (2009) used the grain size fraction from 350-500 µm. We did not have enough grains
in the 350-500 µm fraction to perform a quantitative analysis that was representative of the total
ash sample so we used the > 125 µm fraction.
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Fig 2.3 Scanning electron microscope image of part of a fresh glass ash particle. A) raw image with microlites of
plagioclase, pyroxenes, and Fe-Ti oxides labeled, B) yellow outlines indicate plagioclase microlites analyzed for
microlite number density calculation.

The plagioclase crystallinity was determined by taking the sum of plagioclase microlites
areas divided by the total area of the grain (also referred to as the areal fraction of plagioclase)
(Miwa et al., 2009).

Detecting electrical activity with the lightning mapping array (LMA)
The LMA detects VHF (30-300 MHz) electromagnetic radiation in a 6 MHz passband.
This radiation is produced during the electrical breakdown of air, which occurs as conductive
channels form (Rison et al., 1999). Impulsive radiation is recorded as numerous VHF ‘sources’
that, when correlated across several LMA stations, can be located to provide a three-dimensional
map of the lightning discharge (Thomas et al., 2004). Lightning discharges are composed of a
number of these ‘sources’. Therefore, one useful statistic derived from the LMA data is the
number of located sources (NLS). The larger the NLS, the more electrical activity was present in
the plume. Electrical noise that would be recorded on the LMA is typically locally generated
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near the station and would therefore not be recorded on the multiple sensors needed to locate the
source. Such noise may manifest in the located data due to chance correlations during data
processing. These sources are differentiated from CRF in that noise is generally poorly located
over diffuse areas whereas CRF is a well located group of sources located in the small region
over the volcano and only occurs when the volcano is erupting. The influence of noise in our
data has been significantly reduced by only using located sources that had a reduced chi-squared
of 1 or less.
The LMA data for this study were collected from a nine instrument network. The
instruments were located on the eastern side of Sakurajima at a variety of azimuths and distances
from the vent (Fig. 2.1). For this experiment the LMA passband was 66-72 MHz. The LMA data
are processed from raw data to located sources using a time-of-arrival algorithm (Thomas et al.,
2003). The NLS was determined by counting all of the located electrical sources within a 1km x
1km x 2km (X x Y x Z) box around Showa Crater at Sakurajima.
Another observation drawn from the LMA is the presence of CRF. CRF occurs over
relatively long durations (typically several seconds, but there is no defined upper limit), in
contrast to the burst of radiation associated with a discrete lightning flash, which typically occurs
over timescales of less than one second. In the LMA data we see CRF immediately, as soon as
ash venting starts, even before the plume rises above the rim of the crater and into view. The
onset of CRF is clear and is correlated with other geophysical signals, such as infrasound
(Behnke et al., 2013; Behnke and McNutt, 2014). In this study, we characterize events using the
presence of CRF, its duration (seconds), and its peak rate of occurrence (per 100 microsecond
window). The peak rate of CRF was determined from the unprocessed LMA data recorded by a
single station. First, the raw source rate was smoothed to remove high-rate spikes caused by
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small lightning discharges. Then, the source rate was scaled by a normalization factor that takes
into account the effective 'duty cycle' of the LMA station. The NLS and CRF are used here to
investigate if relationships exist between volcanic electrification and measurable ash parameters.

Seismic measurements
The seismic data were recorded at 100 samples per second with a 2-station network
located on the eastern side of Sakurajima. The instruments used were Nanometrics Trillium
Compact 120 s Posthole 3-component broadband seismometers. During field deployment, the
data were stored on a Nanometrics Centaur Digitizer. The reported seismic amplitude
measurements are calibrated displacement values. These amplitudes are the absolute value of the
maximum zero-to-peak amplitude recorded within an event on the vertical seismic channel. For
those ash samples that represent multiple plume and seismic events (Table 2.1), we have used an
average maximum seismic amplitude (µm). Because we had only two seismometers with a small
azimuthal range (< 45o), we were not able to account for any seismic radiation patterns that may
have affected the seismic data.

Results And Discussion
Componentry
The componentry results are shown in a ternary diagram in Fig. 2.2. The ashfall samples
cluster in the glass-rich, lithic-poor section of the diagram with glass comprising 57%–78%,
lithics 2%–17%, and crystals 17%–38%. These percentages are determined from the number of
particles of each category divided by the total number of particles analyzed for componentry in
that sample. A pattern emerges when the data are color-coded for the presence of CRF. The
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majority of CRF-producing events have < 10% altered or lithic grains and > 60% glass. This may
be indicative of the type of material involved in the electrification mechanism that produces CRF
at Sakurajima: low lithic and high glass proportions point to events composed mainly of fresh,
juvenile magma fragmenting to form glassy ash rather than the destruction of older, pre-existing
lithic material in the vent or the solidified magma that caps the conduit between explosive
periods.

Microlite number density (MND) and seismic data
Previous work by Miwa et al. (2009) found a positive correlation between the MND and
the maximum seismic amplitude of explosion earthquakes at Sakurajima. The implication is that
more eruptive energy (proportional to a higher seismic amplitude) is required to destroy a more
established degassed magma cap (with greater microlite content). Although there are no
electrical observations for the eruptions of Miwa et al. (2009), the comparison with our data is
interesting because it sheds light on how ash characteristics may fit into other monitoring datasets. We explore the relationship between MND and maximum seismic amplitude for ashfall
from Sakurajima’s Showa Crater, and compare with the Minamidake crater samples of Miwa et
al. (2009). The MND values used by Miwa et al. (2009) were based on 5 large and wellcharacterized ashfall events from eruptions that took place between 1974-1982. Each average
MND value was calculated from 4-5 individual particle MNDs. Our study looks at 15 samples
over a narrower time range and somewhat smaller eruptions based on seismic amplitudes. The
seismic station used to determine seismic amplitude in the Miwa et al. (2009) study was located
at a different azimuth (~135o counter-clockwise from the station used in this study) but at a
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similar distance (2.7 km vs. 3 km) from the active crater. Therefore, we infer that the seismic
data are comparable.
Combining the data of our study and Miwa et al. (2009) (Fig. 2.4) reveals some
interesting observations. First, our data alone do not show a relationship between microlite
number density and seismic amplitude (R2 = 0.02), which contrasts to the strong relationship
observed in the Miwa et al. (2009) dataset (R2 = 0.94). It is worth noting that the outliers in the
upper left of Fig. 2.4 represent two events during poor weather/visibility, meaning that the ashfall
samples were correlated to the seismic amplitude based on only the time of collection, without
the added video data to corroborate (adding some uncertainty). Second, the combined data sets
do still support a weak, positive correlation (R2 = 0.3). Overall, our measurements introduce
scatter into the original relationship proposed by Miwa et al. (2009), suggesting either a weaker
correlation or a different mechanism for the smaller end of the scale of Vulcanian eruptions from
Showa Crater.
Using the decompression rate to calculate average magma ascent rates, Miwa et al.,
(2009) shows that the Vulcanian eruptions they studied at Sakurajima had ascent rates of 0.110.35 m/s. The magma ascent rates determined in our study range from 0.04 – 0.09 m/s (Table
2.3). These values fall in between those given for effusive and Vulcanian eruptions in Miwa et al.
(2009), indicating that the eruptions studied in this paper were smaller Vulcanian events than
those investigated by Miwa et al., (2009). Further investigations into this relationship at
Sakurajima, as well as at other volcanoes, will help clarify the relationship between MND and
maximum seismic amplitude.
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Fig 2.4 Microlite number density (MND) and seismic comparisons. Compilation of data from this study (circles) and
Miwa et al. (2009) (triangles) showing the relationship between MND and maximum seismic amplitude. Red circles
are events that had continual radio frequency (CRF) impulses, black circles are samples that did not have CRF.
There is a separation between events with and without CRF in relation to the maximum seismic amplitude. The
original Miwa et al. (2009) data show a positive correlation between MND and maximum seismic amplitude. The
addition of this study’s data adds variance to this relationship in the lower portion of the MND scale.

By combining our data on the crystallinity (areal fraction of plagioclase) of the ash
samples compared to the maximum seismic amplitude to that done by Miwa et al. (2009), we can
see that the previous lack of correlation is maintained (Fig. I.1).
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Table 2.3 Microlite number density values and calculated average ascent velocities and
decompression rates

SAK Sample

Number of Mean MND
Samples
(m3)

MND
Standard
Deviation

Areal
Mean Areal Fraction of
Average Ascent Decompression
Fraction of Plagioclase
Velocity (m/s)
Rate (Pa/s)
Plagioclase Standard
Deviation

1

10

3.8x1014

2.7x1014

0.34

0.07

0.045

1107

3

10

6.4x1014

4.3x1014

0.35

0.12

0.064

1565

10

8.6x10

14

4.6x10

14

0.32

0.08

0.078

1912

9.6x10

14

5.0x10

14

0.30

0.05

0.084

2048

1.1x10

15

1.1x10

15

0.23

0.12

0.089

2183

1.2x10

15

6.7x10

14

0.25

0.06

0.097

2389

5.5x10

14

4.3x10

14

0.34

0.09

0.058

1420

1.1x10

15

6.0x10

14

0.27

0.04

0.094

2305

15

9.1x10

14

5
7
10
11
19
20

10
7
10
7
10

23

8

1.1x10

0.26

0.09

0.093

2271

24

10

6.0x1014

3.3x1014

0.31

0.08

0.061

1499

1.0x10

15

8.5x10

14

0.32

0.06

0.089

2176

1.1x10

15

4.7x10

14

0.29

0.09

0.089

2185

8.0x10

14

3.1x10

14

0.29

0.06

0.074

1826

9.3x10

14

4.7x10

14

0.28

0.06

0.082

2006

1.1x10

15

7.7x10

14

0.33

0.10

0.094

2309

25
26
27
28
30

9
10
10
10
10

Seismicity and continual radio frequency (CRF) impulses
Figure 2.5 shows a clear distinction between the seismic signals of events that produce
CRF and those that do not (Fig. 2.5A). The events without CRF have longer seismic waveform
durations (Fig. 2.5B and 2.5C). This may indicate that CRF is not present in events of steady ash
and gas venting. The seismic events that correspond to detected CRF are shorter in duration
indicating a discrete explosive pulse, associated with events of larger maximum seismic
amplitude. The lowest seismic amplitude with CRF is 7.06 µm while the highest seismic
amplitude without CRF is 2.32 µm. This clustering is even clearer when examining the
maximum seismic amplitude individually (Fig. 2.5A). The increased seismic amplitude can be
interpreted as an explosivity threshold required for generating CRF. Seismic amplitude is
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proportional to seismic energy so this amplitude threshold may indicate a minimum energy input
required to initially fragment and/or accelerate the ash particles in the conduit, building up
electrical charge that is detected as CRF. This overall observation does not extend to our
estimated magma ascent rates, (I.2) – we see no relationship between the average magma rate
(from microlites) and the magnitude of electrification or presence of CRF in the plume (Fig. I.2).
One possibility is that the uncertainty of the ascent rate calculations is simply too great to expect
any meaningful correlation. Alternatively, it is possible that the CRF charging mechanism is
related to the energy of the final explosion rather than the time-averaged rate of magma ascent.
Thus, the CRF occurs on shorter spatial and temporal scales than would be reflected in microlite
growth. This shows that the explosion energy, as indicated by seismic amplitude, may not be
well correlated with average magma ascent rate from microlites.

Grain size distributions
Figure 2.6A shows the mean grain size following methods in Folk and Ward (1957) and
sorting of the ashfall samples in φ (phi) values. In general, the finer grained samples in our dataset are slightly better sorted (R2 = 0.3). Figure 2.6B shows a similar relationship of the mean
grain size (as the 50th percentile) versus the standard deviation in microns. In other words, the
finer-grained samples have a smaller standard deviation, indicating a narrower peak in the
distribution.
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Fig 2.5 Plots of the number of located sources (NLS) and seismic amplitude. A) Plot of the log10 of the NLS against
the log10 of the maximum seismic amplitude. Red circles (enclosed by the large red oval) are events that had
continual radio frequency (CRF) impulses, black circles (enclosed by the large grey circle) are events that did not
have CRF; B) Stack of vertical seismic traces for events with CRF; C) Stack vertical seismic traces for events
without CRF. Both stacks have normalized amplitudes as the y-axis.
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Fig 2.6 Grain Size Distribution Statistics. A) Folk and Ward’s statistics of Deviation vs. Mean Diameter in Φ units;
B) Standard Statistical plot of Standard Deviation vs. Mean diameter in μm; C) An example grain size distribution
for sample SAK 1, showing low deviation, low standard deviation, and small grain size; D) An example grain size
distribution for sample SAK 7 showing high deviation, high standard deviation, and larger mean grain size. Lines in
A and B are linear regressions. For all plots, red circles are events that have CRF.

There is no correlation between the ashfall grain size statistics and the production of
electrical activity (in terms of CRF or NLS; Fig. 2.6). This lack of correlation holds even when
we used the same grain size metrics proposed by Houghton et al. (2013) in their laboratory
experiments on electrical charging (normalized span and modality; Fig I.3). This is a surprising
result given experimental work that has previously linked fine ash content (50-500 µm), which is
a similar range to our samples, to enhanced electrical activity (Miura et al., 2002; Cimarelli et al.,
2014; Forward et al., 2009; James et al., 2000; Méndez Harper et al., 2015). A future study with
more samples that are representative of the total grain size distribution may result in findings
more in line with the experimental results.
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Particle shape
We investigated relationships between the plume electrification and the mean aspect ratio
of ash particles as calculated from the MPV830 optical imager. We also looked at the skew of
these shape distributions. For lower mean aspect ratio (more elongate particles), there is a slight
positive skew to the distribution, but as the mean aspect ratio increases (more equant particles)
the distributions become more negatively skewed (Fig. 2.7A, R2=0.94). This indicates that
ashfall with more equant grains overall also contains a small amount of elongated material (Fig.
2.7D). We note that CRF-producing eruptions are more likely to produce equant grains (high
aspect ratios). Fig. 2.7A shows that all but one of the CRF-producing eruptions cluster in the
lower right-hand portion of the plot – these are the ashfall samples with more equant grains
overall and a small amount of elongate particles (as a long tail in the shape distribution, Fig.
2.7D).
One possible explanation is that the more equant particle shapes are due to milling in the
conduit (secondary fragmentation). The milling process has transformed the elongate grains into
more equant ones, leaving behind a tail of elongate particles in the shape distribution, as seen in
Fig. 2.7D. After primary fragmentation of the rising magma, it travels up the conduit toward the
atmosphere. Particles in this high-energy, high-concentration flow undergo vigorous collisions
with other particles and the side of the conduit. The laboratory experiments of Dufek et al.
(2012) showed that increased fragmentation depth in combination with larger pumice clasts (> 1
cm) resulted in the most effective fragmentation, with no disruptive collisions occurring for
clasts < 1 cm. Jones et al. (2016) investigated the fragmentation of andesite pumice blocks
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Fig 2.7 Plots comparing particle aspect ratio with the skew of the aspect ratio’s distribution. A) The skew of the
distribution against the mean aspect ratio; B) The silhouettes are images from the MVP830 to show a range of
particle aspect ratio; C) An example aspect ratio distribution showing sample SAK 19 with a skew of 0.18; D) An
example aspect ratio distribution showing sample SAK 10 with a skew of -0.72; lines are linear regressions. For all
plots, red circles are events that had continual radio frequency (CRF) impulses.

through rapid decompression, impact, and milling. They found that fragmentation through rapid
decompression resulted in a large range of aspect ratios. However, fragmentation through milling
gave the 250–500 µm ash a higher aspect ratio (more equant particles) and smaller range. A
similar pattern is shown in Fig. 2.7D, which shows a sample where CRF was recorded in the
explosive event, and where the ash particles are more equant. We also point out that there is no
correlation between mean aspect ratio and particle diameter (Fig. I.4), so the link is with grain
shape rather than size.
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From these observations, we infer that the Sakurajima ash was created from a
combination of initial fragmentation as well as the byproduct of the disruptive collisions of larger
clasts traveling through the conduit. We can interpret CRF as being related to enhanced milling
of particles in the conduit or initial gas thrust region. This hypothesis is supported by a parallel
study done by Behnke et al. (2018) that shows that CRF begins prior to the plume rising to
visible levels above the crater rim, indicating that it must originate within the shallow conduit or
crater, where particle collisions and milling is facilitated by conduit constrictions as well as the
high concentration of the gas-particle flow, which has not yet entrained large amounts of air
(Jones and Russell, 2017). This indicates that, although CRF frequently occurred in samples with
high aspect ratios and longer tails of elongate material, that these shape parameters likely do not
affect the continued generation or separation of charge as the plume develops and becomes
buoyant. Figure I.5 shows that there is no significant relationship between the mean aspect ratio
and the total NLS. This suggests that only the CRF signal is influenced by grain shape (related to
milling in the conduit). We infer that other electrification processes, such as charge separation in
turbulent eddies, become more important as the plume develops.

CRF rate and duration
Finally, CRF was quantified by its peak rate of occurrence (per 100 µs window) and total
duration (s). When compared to data-set of seismic and ash textural parameters we found no
significant relationships (Fig. I.6A, B). Further study between quantified CRF with ashfall
textures and geophysical signals from a variety of volcanic systems may help determine if the
rate or duration of CRF hold useful insight into volcanic processes.
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Conclusions
This study has examined the eruptive activity of Sakurajima Volcano in Japan with the
overall goal of understanding the relationship between volcanic lightning and eruptive behavior.
Fifteen ashfall samples were analyzed for grain size, shape, microlite number density, and
componentry and compared to seismic signals and LMA measurements of plume electrification.
The electrical properties of the plume are described by the total number of electrical sources and
by the presence or absence of continual radio frequency impulses, an electrical signal that is
unique to eruptions. By better understanding the charge generation behind CRF we hope to
become better equipped to utilize measurements of plume electrification for active volcanic
monitoring.
An important finding of this study is that CRF-producing eruptions at Sakurajima have
unique characteristics based on (1) volcanic ash texture (componentry and particle shape) and (2)
eruption dynamics (seismic amplitude and waveform shape). The key observations are
summarized as follows:
•

CRF occurs during eruptive events that are glassy and lithic-poor (> 60% glass

and < 10% lithics). This indicates that CRF occurs more frequently when the eruption
consists of fresh, actively fragmenting magma rather than recycled material.
•

CRF is associated with volcanic ash rich in equant grains. We infer that the

electrical charging is enhanced by milling in the conduit (secondary fragmentation) during
ascent of the erupting mixture. The charging process likely occurs due to a combination of
sources including initial and secondary fragmentation (fracto-emission charging) as well as
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non-destructive ash contact (triboelectric charging) in the high-velocity, high concentration
region of the particle-laden flow.
•

We have established an explosivity threshold required for generating CRF in

small-scale eruptions. The electrical signal occurs in events defined by higher seismic
amplitudes and shorter seismic durations. This suggests that CRF requires a high-energy,
impulsive explosion to sufficiently fragment and accelerate the ash particles.
•

The generation of CRF, but not total plume electrification, is relatable to grain

shape. This suggests that milling in the conduit (resulting in more equant particles)
influences the production of CRF, but that later in plume development other electrification
processes become more important for the generation of volcanic lightning flashes.

Taken together these observations point towards CRF occurring in explosive events composed of
freshly fragmented magma that undergoes milling in the conduit/early plume.
In this study, we were also able to examine the relationship between the maximum
seismic amplitude of explosive eruptions at Sakurajima and the microlite number density of ash
particles (a proxy for magma ascent rate). By including a suite of smaller-scale eruptions to the
dataset of Miwa et al. (2009), we show that there is a larger range of variance associated with the
relationship than previously documented. Future work clarifying the relationship between the
magma ascent rate and eruptive seismicity will constrain the physical processes inside the
conduit and how these may relate to other near-vent signals such as the production of CRF. We
find that CRF is clearly associated with stronger, more impulsive seismic signals, but not to
faster “overall” magma ascent rates determined from microlites. This suggests that CRF
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production is more sensitive to the final stage of magma fragmentation than to the time-averaged
rate of ascent from depth (as recorded in groundmass crystals).
This paper demonstrates the benefit of multiparametric investigations into volcanic
lightning and the broad range of processes that contribute to it.
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CHAPTER THREE:
EXAMINING THE STATISTICAL RELATIONSHIPS BETWEEN VOLCANIC
SEISMIC, INFRASOUND, AND ELECTRICAL SIGNALS: A CASE STUDY OF
SAKURAJIMA VOLCANO, 2015
Abstract
Sakurajima volcano in Japan is known for frequent eruptions containing prolific volcanic
lightning. Previous studies have shown preliminary correlations between seismic, infrasound,
and electrical signals. This study uses field data collected at Sakurajima from 28 May – 7 June
2015 and multivariable statistical modeling to quantify these relationships. We build six
regression equations to examine each of the following electrical parameters: (1) the presence of
electrical activity, (2) the presence of the electrical signal called continual radio frequency
(CRF), (3) the presence of lightning, (4) the overall duration of electrical activity, (5) the total
number of electrical sources located by the lightning mapping array, and (6) the number of
lightning flashes. We model these response variables against: (1) seismic energy, (2) infrasound
energy, (3) seismic duration, (4) infrasound duration, and (5) the volcano acoustic seismic ratio.
Our final regression equations show that each electrical parameter is best defined by a separate
set of response parameters, but overall stronger explosive events with high infrasound
proportions are related to higher amounts of electrical activity.
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Introduction
The high rate of explosive eruptive activity combined with frequent volcanic lightning
makes Sakurajima an ideal volcano for studying the relationship between geophysical parameters
(seismic and infrasound data) and electrical signals. Sakurajima is known to have frequent
episodes of volcanic lightning, which have made it a popular tourist destination for volcanic
lightning photography. Sakurajima volcano is located in the southern part of Kyushu Province in
Japan (Fig 2.1). It is a part of the larger Aira Caldera. Sakurajima is one of the most active
volcanoes in Japan. Sakurajima has been erupting with intermittent explosive events since 1955
(Uhira and Takeo, 1994; Yokoo et al., 2014).
In order to understand what lightning monitoring can tell us about an eruption it is
necessary to understand the links between lightning and seismic/infrasound signals. A possible
relationship between the seismic and infrasound signal duration and the duration of electrical
activity was first noted by Behnke et al. (2013) for eruptions at Redoubt however, these
relationships have not been analyzed past this initial observation. Seismic and infrasound
monitoring are among the most ubiquitous volcanic monitoring methods. They have the benefit
of having been highly studied and their signals generally understood for a wide number of
eruptive types. However, seismic and infrasound monitoring methods require sensors to be
deployed locally (< 15 km), because the travel-time and attenuation of the signal as it travels to
farther stations may diminish the hazard mitigation value of the data. Lightning monitoring is
beneficial in that it can be monitored on local, regional, and global scales with almost no travel
time delay because the electromagnetic waves travel at the speed of light.
We use data from local seismic and infrasound stations, a Lightning Mapping Array
(LMA), and statistical methods to determine if logistic (described in detail below) and/or linear

44

relationships between these parameters exist and what insight they provide on the generation of
volcanic lightning. This study examines a suite of events from 28 May - 7 June 2015 (all dates
and times in this paper are in UTC). During this time the Showa crater on the eastern flank of the
volcano was active. Showa has been the predominately active vent since 2006 although the
Minamidake crater is also still sometimes active (Yokoo et al, 2014). During our 11-day
observation period there were tens to hundreds of explosive events per day (Fig.
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Fig 3.1 Daily histogram counts. All events recorded by the seismic and infrasound network deployed at Sakurajima
from 28 May – 7 June 2015. These day counts include all events recorded, including events that only were recorded
on infrasound or seismic channels and not both.

The events during this time period included (1) impulsive explosive events that were
short-lived and were preceded by a lack of activity and, (2) events of continuous gas and ash
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venting that lasted for several minutes to hours. These events are distinguishable in the
geophysical record by the presence of a sustained infrasonic coda (extended wave train) that lasts
for extended periods of time (> 30 s, up to several minutes) in conjunction with the ash/gas
venting events. The more impulsive explosive events are characterized by shorter duration
impulsive infrasound signals (< 10 s) with clear N-shaped pulses and short to no coda (Morrissey
and Chouet, 2010). The seismic signals were generally emergent (McNutt et al., 2015). The
LMA recorded both continual radio frequency (CRF) impulses (Behnke et al., 2018) as well as
discrete lightning flashes. Just under half of examined events had some form of electrical activity
recorded.
This paper gives an in-depth analysis of the statistical relationships between seismic,
infrasound, and electrical sources. By understanding the underlying statistical relationships
between these signals at Sakurajima, we develop a baseline to understand what information
volcanic lightning can provide in a monitoring context. A baseline relationship is needed in order
to understand how volcanic lightning might vary between different volcanic centers and between
eruptions of different scales. To this point we examine the following two hypotheses:
1. An increase in explosion size will result in more electrical activity in the volcanic
plume
2. An increase in the proportion of energy partitioned into the plume (Volcano
Acoustic Seismic Ratio or VASR) will result in more electrical activity in the
volcanic plume.
We will use multivariable statistical modeling to evaluate a suite of geophysical
parameters including the seismic energy, seismic duration, infrasound energy, infrasound
duration and the VASR to test these hypotheses. In this paper we will give: 1) a brief overview
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of volcanic seismology, infrasound, and lightning and their importance to volcanic monitoring;
2) the method that we employed to build our datasets (seismic, infrasound, and LMA); 3) the
development of the statistical models; and 4) what the resulting models can tell us about volcanic
lightning and its relationship to seismic and infrasound signals and eruptive events.

Background
Volcanic seismology
Volcanic seismology is the backbone of most modern-day volcano monitoring.
Volcanoes produce many different types of seismic signals. Patterns in depth, occurrence rate,
and amplitude of these signals usually change prior to volcanic eruption, or escalations in
ongoing eruptions. Scientists can forecast increases in volcanic activity by analyzing these
patterns. Volcanic seismology is also useful once an eruption has begun because eruptions and
explosions at the summit also transmit energy into the subsurface and these seismic expressions
can be used to calculate the strength of eruption (McNutt et al., 2015). It is this relationship
between seismic expression and surface processes that we hope to exploit and utilize in our
examination of volcanic lightning. Examples of seismic (and infrasound) waveforms can be seen
in Fig. 3.2.
Volcanic seismology typically divides signals into the following categories: high
frequency or VT (volcanic-tectonic), low frequency, hybrid, tremor, and explosion quakes
(McNutt et al., 2015). At Sakurajima the majority of the events that we recorded during our field
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Fig 3.2 An example of the different infrasound and seismic waveforms recorded at the SAKA station. In all panels the top three traces are
infrasound and the bottom three traces are seismic (E-W, N-S, and vertical respectively). Panel A shows an example of an event where no
electrical activity was recorded. Panel B shows an event where electrical activity, but not CRF, was recorded. Panel C shows an event where
electrical activity and CRF were recorded. Vertical scales are not normalized between panels.

campaign were explosion quakes and they will be the focus of this paper. Previous investigations
into explosion waveform analysis by Tameguri et al. (2002) showed that explosion quake
seismic signals at Sakurajima consist of an initial P-wave followed by a clear Rayleigh wave
long-period (LP) phase. Using the GISMO toolbox (Thompson and Reyes, 2018), we analyzed
the polarization of the seismic waves for several clear events (Fig. 3.3). Our analysis shows
similar waveforms as demonstrated by Tameguri et al. (2002). The pattern of P-wave followed
by Rayleigh wave is especially clear in the largest events. For a full description of the different
signals seen at Sakurajima we refer to Ishihara, (1985); Iguchi, (1994); Kawakatsu et al, (1992);
Tsuruga et al., (1997).
The eruption at Sakurajima has been ongoing since 1955 (Kawakatsu et al., 1992). The
Generic Volcanic Earthquake Swarm Model developed by McNutt (1996) outlines the
progression of common signals that typically leads to eruption. However, due to the longevity of
activity at Sakurajima explosion quakes currently dominate the seismic and infrasound record.
There are typically several per day. Low frequency events and tremor also occur but because
they have no relation to plume formation or lightning, we do not examine them further.
Sakurajima has been actively monitored since 1910 and therefore the literature on it is large and
encompasses the development of short period and broadband seismometers. Uhira and Takeo
(1994) give a detailed description of the relationship between low-frequency seismicity and the
source parameters (depth, size, shape) of the explosive eruption processes.
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Fig 3.3 Polarization analysis of an explosion quake. The top panel shows a seismic recording of an explosion quake
at station SAKA, with vertical, radial and transversal traces. In the top panel, on the vertical trace, the direct p-wave
(P) and the ground-coupled airwave (GCAW) are marked by the labeled arrows. The middle panel shows the energy
of the seismic signal, summed across all 3 components. The bottom panel shows the rectilinearity (black x’s) and
planarity (yellow circles) of the seismic waves. Note that rectilinearity becomes dominant at the time of the P wave
arrival, and planarity dominates at the time of the GCAW The grey section on the third panel indicates the time
period prior to the incoming wave where rectilinearity and planarity are overwhelmed by noise and therefore not
shown to increase clarity of the figure.
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Volcanic infrasound
The relationships between: (1) the energy partitioning of the explosion into the ground
versus air, (2) the depth of explosion, and (3) the amount of overburden; may be related to
electrical activity in the plume. The addition of infrasound sensors to a seismic network allows
for clear discrimination between subsurface processes (which produce no infrasound) and
subaerial/vent-air interface processes such as explosive eruptions, the destruction of lava plugs,
and gas/ash venting that do produce infrasound signals. Infrasound monitoring is a newer field
than seismic monitoring that works on similar principles, but with less distortion of the signal as
it propagates from source to sensor (Johnson and Ripepe, 2011). Infrasound has become a
valuable addition to many volcanic monitoring operations (Fee and Matoza, 2013). During a
volcanic explosion, energy is transmitted through both the ground as seismic waves as the
atmosphere as infrasound waves. Johnson and Aster (2005) introduced the Volcano Acoustic
Seismic Ratio (VASR), which is the ratio of acoustic energy to seismic energy. Johnson and
Aster (2005) found that events with larger VASR values corresponded to low density plumes,
short wide conduits, and a small monopole source region.
Infrasound signals at Sakurajima have been noted to have interesting features. Infrasonic
precursors to explosive eruptions at Sakurajima were described by Garces et al. (1999) who also
note that infrasound signals are valuable for understanding shallow interior processes due to the
lack of propagation effects on the airwave at close distances. Morrissey et al. (2008) describe
two distinct infrasonic signals recorded at Sakurajima: explosions and tremor. They describe the
explosions as impulsive events with strong spectral peaks at 0.25 and 1-1.25 Hz and amplitudes
of ~25 Pa at ~2-3 km from vent. Tremor is defined as long-duration events with low amplitudes
of 0.1-1.5 Pa and spectral content peaking at 0.25 or 1 Hz. A third style of infrasound referred to
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as an ‘impulsive event’ is also described as similar to the explosion type but with a short coda
and a broader and higher frequency range, up to 10 Hz. Morrissey et al. (2008) also note a 10-15
second lag between the start of the seismic explosion event and the onset of the infrasound signal
(similar to Fig 3.3). This is due to the slow propagation speed of infrasound (about 330 m/s) and
the distance to stations of several km. Our data shows each of these infrasound events as defined
by Morrissey et al., (2008). Yokoo et al., (2009) give an in depth analysis of the infrasound
signals paying close attention to the ‘preceding phase’ which is the slow build ramp-up to the
main peak prior to the maximum pressure recorded. This preceding phase is not visible in
recorded experimental shock waves by Yokoo et al., (2009). They conclude that this preceding
phase is the result of the expansion of a lava plug immediately prior to its failure. Our data shows
this preceding phase in the explosive events.

Volcanic electrical activity
Various types of instruments that operate at different distances and levels of sensitivity
can detect lightning. For a full description of each type, in the context of volcanic lightning
detection, see Behnke and McNutt (2014). In this paper we will present data from an LMA
system. The LMA requires a compact array configuration (< 100 km radius), compared to other
global lightning detection systems, but allows for highly detailed electrical source location
measurements. If there is a relationship between the amount of electrical activity in a plume
quantified through (1) CRF production, (2) the number of located sources, (3) the number of
lightning flashes, or (4) the duration of electrical activity, and the seismic/infrasound parameters
such as energy or duration, then these relationships could be exploited in volcano monitoring
applications. At remote volcanoes, infrastructure limitations prevent permanent, in-situ seismic

52

and infrasound networks. However, a regional LMA system may allow for near-real time
monitoring through volcanic lightning detection and quantification.

Data Collection
Sensor network
Our field campaign collected a multiparametric suite of data from nine LMA stations, one
FLIR (Forward Looking Infrared Radiometer) camera, two high-speed cameras (frame rates of
3,000 - 6,000 fps), two 3-component Nanometrics Trillium Compact 120-s seismometers, six
infraBSU infrasound sensors, and visual observations from 28 May - 7 June 2015 (Fig. 3.4). Due
to site access limitations the network consisted of two seismometers that were at similar
azimuths (difference of 16 degrees) to the active vent. The distance to each seismometer from the
vent was ~3 km (Fig. 3.4). The six infrasound sensors were divided into two arrays with three
instruments each forming a triangular pattern around each of the seismometers at distances of 22
m from the seismometer. The seismic and infrasound data were recorded on Centaur Digitizers at
a sample rate of 100 Hz. From our visual observations of the volcano while watching live feeds
of the seismic and infrasound recordings we know that the recorded events originated at Showa
Crater. Infrasound data were converted from V to Pa using the nominal (manufacturer supplied)
calibration of 18 counts/Pa for the infraBSU sensors. The seismometer data were converted using
the nominal calibration of 3.33 nm/s per count. The results in this paper will be derived from the
LMA and seismic/infrasound data.
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Fig 3.4 Sakurajima Volcano instrument map. The red triangle is Showa Crater, located on the southeast flank of the
volcano. Pink diamonds, labeled SAKA and SAKB, show the locations of the seismic and infrasound arrays. Blue
squares are the locations of the LMA stations.

Seismic and infrasound measurements
To detect the events in large volumes of continuous seismic and infrasound waveform
data, it is pragmatic to use an automated algorithm. Most event detection algorithms used for
real-time seismic monitoring and seismology research are some variant on the short-termaverage (STA) to long-term average (LTA) ratio technique (a good summary is presented in
Malone, 1999). Using the Antelope (BRTT, 2018) program dbdetect, two STA/LTA parameter
sets were run through the seismic and infrasound data to create an initial set of candidate arrivals
(Table II.1). The dbdetect program records three times for each detection: a trigger-on time; a
candidate arrival time; and a trigger-off time. These three times are stored in a relational
database. The first parameter set utilized a low frequency detector (0.1-1 Hz) that was run on all
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stations and channels for both seismic and infrasound data. The second, a higher frequency
parameter set (1-5 Hz) was run on just the seismic channels. After these STA/LTA parameter
sets were run, the candidate arrivals were visually inspected and errant arrivals were deleted and
missed arrivals were added using dbpick, another Antelope program which displays arrival and
trigger on/off times superimposed on waveform data. The duration of each signal was calculated
from the trigger-on and trigger-off times using a third dbdetect STA/LTA parameter set (Table
II.1), which was found by trial and error to capture the entire signal.
The remainder of the data processing was performed in MATLAB using the GISMO
toolbox (Thompson and Reyes, 2018). The energy for each signal was computed using equations
from Johnson and Aster (2005) for seismic and infrasound energy. The energy calculation used
the total duration of the signal and the maximum peak-to-peak amplitude within a window
beginning 1-s before and 3-s after each arrival time.
The next step was to associate (group) these arrivals into events. GISMO was configured
to group arrivals into events if there was an arrival on each channel within a 15-s sliding time
window. Manual inspection with dbpick had already ensured that a single arrival time existed for
each channel for each event. The sliding time window was chosen based on the expected
propagation time difference of ~10 s between seismic ground waves and infrasound airwaves,
with a 50% time buffer added to account for effects caused by wind. This gave us our final
seismic and infrasound event catalog.
In the modeling that follows, for each event the maximum seismic duration of all six
seismic channels was used. Similarly, for each event the maximum infrasound duration of all
stations was used. For seismic energy, the median value of all six seismic channels was used. For
infrasound energy, the median value of all six infrasound channels was used. Finally, the VASR
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was calculated by dividing the overall median infrasound energy by the median vertical seismic
energy (Johnson and Aster, 2005). Median values were deemed most appropriate because all
sensors were approximately equidistant from the explosion source, and nominal calibrations
were assumed.

Electrical data processing
The Lightning Mapping Array (LMA) developed by the New Mexico Institute of Mining
and Technology (Rison et al., 1999) was used to gather detailed electrical information from the
eruptions. Nine LMA stations were deployed at a variety of azimuths (57o-159o from north) and
distances (2 km – 20 km) from Sakurajima’s Showa crater vent. The LMA samples at 25 MS/s
and records one impulse in successive 10 µs windows if the power exceeds the designated
threshold (Behnke et al., 2018). LMA stations record impulsive very high frequency (VHF)
radiation in a 6 MHz passband (for this case we used the 66-72 MHz range). VHF radiation is
emitted during the process of electrical breakdown of air. Due to increased attenuation of VHF
waves over ground LMA sensors require line-of-sight to the radiation source. Showa crater is
located on the eastern slope of the volcanic edifice so all of the LMA stations were located on the
eastern side of the volcano and bay.
The LMA data are represented in this paper as (1) the number of located sources (NLS),
(2) the number of flashes, (3) the duration of electrical activity, and (4) the presence of CRF
impulses. Time-of-arrival methods are used to locate electrical sources. Each located VHF
impulse is referred to as a located source. Initial time-of-arrival processing was done at the New
Mexico Institute of Mining and Technology. Additional processing of the LMA data was done
using the XLMA software (Thomas et al., 2003). A typical lightning flash is composed of many
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(tens to several hundreds or thousands) of these sources (Fig. 3.5). A located source is
determined to be part of a flash or CRF by its location and timing relative to other sources. In
the XLMA flash algorithm a flash is defined as three or more sources occurring over a timeframe
of 0.1 s with a maximum distance of 100 m between sources. The CRF phase is visually
determined as a high rate of located sources, close to the vent altitude, that occurs nearly
continuously (Fig. 3.5). CRF typically occurs during the active jetting phase of an eruption
whereas flashes can occur at any point during the eruption, even after active ash venting has
stopped and the plume has detached (Behnke et al., 2013, Van Eaton et al., 2016). CRF has been
previously related to impulsive, short duration events with seismic amplitudes of > 7 µm as
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recorded at Kurokami, ~3 km from Showa crater (Smith et al., 2018).
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Fig 3.5 Example of located LMA data. Panel A shows labeled examples of CRF, a lightning flash, and a single
located electrical source. Panel B is a zoomed in view of the CRF phase. This zoomed in view shows how the CRF
phase was determined by manually locating the first lightning flash (indicated by the arrow) and classifying all
previous activity as CRF. All of Panel C shows an example of a zoomed in view of a single lightning flash.
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The XLMA flash algorithm was not designed to deal with the high source rates produced
by CRF events and therefore can count many small flashes - that aren’t actual flashes - in the
cacophony that is a CRF phase. For this analysis the duration of CRF was determined by visually
examining the data. The number of flashes for events with CRF was calculated using the flash
algorithm on the sources after the end of CRF. For events where no CRF was visible the flash
algorithm was used on the entire electrical phase. This gives confidence in the number of
lightning flashes recorded.

Statistical Analysis
To determine the relationships between volcanic electrical activity and
seismic/infrasound data we ran a series of statistical tests using the open source R program and
following packages for statistics and graphical outputs: effects, lattice, car, and leaps (R Core
Team, 2017; Fox, 2003; Sarkar, 2008; Fox and Weisberg, 2011; Lumley, 2017). For our in-depth
statistical analyses we utilized a multiple subset method where we broke the overall data set into
three “Subsets” based on electrical properties. These subsets were: (Subset 1) the entire dataset
independent of whether there was electrical activity recorded or not, (Subset 2) only those events
that had electrical activity, and (Subset 3) only those events that had lightning flashes.
For each subset of data we ran a statistical analysis of the selected electrical parameters
against the seismic and infrasound data. We first looked at Subset 1 and ran a multivariable
logistic regression based on the presence or absence of electrical activity. We then ran
logistic/linear regressions on Subset 2, based on the four determined electrical parameters: (1)
presence or absence of CRF, (2) presence or absence of lightning flashes, (3) the total duration of
electrical activity, and (4) the total number of located sources. We then concluded with a linear

58

regression of Subset 3 based on the total number of lightning flashes. This approach allows us to
determine which variables are most relevant to which electrical properties while constructing
good, simple models.

Model fitting
The variables were normalized through a variety of transformations including: log10,
square-root, and negative cube-root. To determine the transformation for each variable we used a
combination of (1) visual analysis of histograms and scatterplots and (2) symbox,
powerTransform, and the qqPlot functions from the car library in R (R Core Team, 2017; Fox,
2003). This set of functions gives suggestions on how to best transform the variable to achieve
normality.
We first investigated the models for significant interactions. An interaction is when the
effect of one variable on the response is dependent on the value of another variable. Interactions
are shown in the modeling equations as multiplications.
Stepwise modeling in both forward and backwards directions was then applied to
determine the most significant variables to include in each model. A forward stepwise model
starts with none of the explanatory variables included and then determines which of the
explanatory variables has the most explanatory power when added to the regression. The model
then moves on to the second most explanatory variable and so forth until the model is no longer
improved by the addition of new explanatory variables. A backward stepwise model does the
reverse, starting with all of the possible explanatory variables and removing the least effective
variables, one at a time. For this investigation we used a combination of forward and backward
regressions where at each step the model investigated both the addition and deletion of variables.
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This resulted in our models having the minimum number of variables required to explain the
response. For the models presented in this paper, the predictor variables were either statistically
significant (p < 0.05) and/or were shown to improve the accuracy and stability of the model
through stepwise modeling.

Logistic modeling
Logistic models are a member of generalized linear models that are used when the
response variable is dichotomous – and therefore coded using a binary to a 0 or 1 - to represent
an absence or presence of the phenomena in question. For example, lightning was either recorded
(coded 1) or not (coded 0). The logistic model uses the logit equation (Fox, 2016) to create a
model of the mathematical probability of the event in question occurring in the form of an odds
ratio which can be easily translated to a probability equation. In this work we use the logistic
model to investigate: (1) the overall presence of electrical activity, (2) the presence of CRF, and
(3) the presence of lightning flashes.

Linear modeling
A multivariable linear model follows the same idea as a traditional linear model except
instead of a single predictor variable there are multiple predictors regressed against a single
continuous response variable. In this work we will use the linear model for: (1) the duration of
electrical activity, (2) the number of located electrical sources, and (3) the total number of
lightning flashes. These values were chosen for linear modeling because they are all continuous
variables that may be useful in a monitoring context in quantifying the electrical activity.
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Effect plots
Multivariable models cannot be presented as a single, simple 2-D plot with a regression
line. Therefore, in this paper we will rely on effect plots to show the model results. An effect plot
is generated by the predicted values of the response variable (the electrical parameter) on the yaxis for a range of one of the predictor variables (the seismic or infrasound related parameter)
shown on the x-axis. For these plots the rest of the variables included in the model are held at a
constant value (their mean value) so that the effect of the single predictor on the response can be
visualized. In models that include interactions, the effect plots use multiple panels to show the
effect of different levels of one explanatory variable across a range of the second explanatory
variable on the response variable. These are shown in modeling subsets S2.M3, S2.M4, and
S3.M1 below.

Statistical parameters
The R-squared and Macmillan’s pseudo R-squared are statistics that describe the
percentage of the variation in the model that can be described by the model’s predictor variables.
Macmillan’s pseudo R-squared is calculated by subtracting the ratio of the residual deviance to
the null deviance from 1. The R-squared and pseudo R-squared values for these models range
from 0.04-0.35. Although these values are relatively low, it is expected due to the high number
of unknowns that we cannot account for in these models. Volcanic systems are highly complex
and many other parameters may play a role in the production of electrical activity, including
variables such as ascent rate, gas content, cap strength and plume dynamics (Behnke and
McNutt, 2014; McNutt and Williams, 2010; James et al., 2008).
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Other statistical parameters used to determine the quality of our models include standard
errors, t-values or z-values (for linear and logistic models respectively), and p-values. The
standard error is the square root of the variance of a statistic. In this paper, the standard error
listed is for the standard error on the slope coefficient (β). The t-value (or its logistic model
equivalent of the z-value) is used to test the null hypothesis that β = 0. The p-value gives the
probability that the t-value will fall outside of the designated confidence interval (typically given
at 95% for statistical significance). A significant p-value (< 0.05) indicates that the null
hypotheses can be rejected. These statistics are used to determine the confidence intervals of the
models, which are shown as shaded areas on the effect plots.

Results and Discussion
This section will first outline some overall trends seen in the catalog. Then each of the six
regression models will be presented and subsequently discussed one-by-one. This section will
end with a summary discussion of all models.

Catalog trends
Application of the arrival detection and event association methodology described earlier
results in a catalog of 2778 detected events (Table 3.1). Of these 1478 events had both seismic
and infrasound signals. The remaining 1300 events lacked either seismic or infrasound signals.
Table 3.1 shows a daily tabulation of explosive events, with both seismic and infrasound
data, for the observation period of 28 May - 7 June 2015. The period of 5 June - 7 June UTC was
the most active period with ~800 events recorded. Peak event rates of 4 events per minute were
seen on 29 May and 6 June, whereas 29 May and 4 June had peak events per hour reaching
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40/hr. CRF was recorded in 4.1% of events, 36.3% of events had no CRF but did have other
electrical activity, and the remaining 59.6% of eruptive events had no electrical activity at all.
Table 3.1 Daily electrical activity, 28 May – 7 June 2015
Events
Events
Events
Percentage of Percentage of Percentage of
Containing
Containing
Total
Date
Containing
Electrical
Electrical Events with No
Electrical
Electrical
Events
(UTC)
No Electrical
Events with
Events
Electrical
Activity and activity but not
for Day
Activity
CRF
without CRF
Activity
CRF
CRF
28May
29May
30May
31May
1-Jun

0

3

0

3

0.0

100.0

0.0

6

35

29

70

8.6

50.0

41.4

3

9

115

127

2.4

7.1

90.6

7

33

58

98

7.1

33.7

59.2

0

13

45

58

0.0

22.4

77.6

2-Jun

7

30

49

86

8.1

34.9

57.0

3-Jun

3

99

81

183

1.6

54.1

44.3

4-Jun

7

27

22

56

12.5

48.2

39.3

5-Jun

17

126

88

231

7.4

54.5

38.1

6-Jun

2

50

266

318

0.6

15.7

83.6

7-Jun

9

111

128

248

3.6

44.8

51.6

Total

61

536

881

1478
4.1%

36.3%

59.6%

Average

Subset 1 Model 1 - logistic model with respect to electrical activity
Modeling Result
The first step of our statistical analysis of the data was to organize it via a 2-factor
division of whether there was electrical activity or not. For this portion of the analysis we did not
differentiate between CRF and volcanic lightning. We then cleaned the data by removing events
that had incomplete data. We then proceeded to run a logistic regression on this dataset using the
factor of yes/no for electrical activity as our response variable. The final model’s regression
equation is as follows:
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(eq. 3.1)

where IE is infrasound energy, SD is seismic duration, ID is infrasound duration, and VASR is
the Volcano Acoustic Seismic Ratio. Beta coefficients and statistical parameters are given in
Table II.2. The effect plots for this model are given in Fig. 3.6.
This model demonstrates significant relationships between the presence of electrical
activity and four of the five explanatory variables. Out of this set of explanatory variables the
relationship between electrical activity and the VASR is quite interesting. As the VASR
increases there is a significant decrease in the probability of electrical activity occurring (Fig.
3.6B). This initially seems in contradiction with the relationship between the infrasound energy
and the probability of electrical activity. As the infrasound energy increases the probability of
electrical activity also increases (Fig. 3.6A). The effect plots with respect to the seismic duration
and infrasound duration are also surprising because they have opposite effects on the probability
of electrical activity. An increase in the duration of the seismic signal (Fig. 3.6C) and a decrease
in the duration of the infrasound (Fig. 3.6D) are related to higher probabilities of electrical
activity.
However, if we look at the data plotted on a standard VASR plot (Fig. 3.7) we can see
that the electrical data clusters into 3 distinct groups. Cluster A shows the group of events that
have a high VASR but no electrical signal. As infrasound increases, even with maintaining the
same VASR we enter into Cluster B, which has the highest recorded infrasound energies and
also high levels of electrical activity – including CRF, lightning, and high NLS counts. Cluster C
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is similar to Cluster A in infrasound energies but with slightly higher seismic energies and thus
consists of lower overall VASR values than Cluster A.

Fig 3.6 Effect plots for S1.M1 logistic model with respect to electrical activity. Panel A shows the positive effect of
increasing infrasound energy on the probability of electrical activity occurring. Panel B shows the negative effect of
increasing the VASR on the probability of electrical activity occurring. Panel C shows the positive effect of
increasing the seismic duration on the probability of electrical activity occurring. Panel D shows the negative effect
of increasing the infrasound duration on the probability of electrical activity occurring.

Model Discussion
Tameguri et al., (2002) describe a lava-dome capped conduit in their in-depth discussion
on explosive seismic signals at Sakurajima, the seismic signals recorded for this study follow the
patterns described. Yokoo et al., (2009) showed that Vulcanian eruptions at Sakurajima that
displayed N-shaped infrasound signals with a small, increasing preceding phase were directly
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related to the destruction of a cap-rock plug in the conduit. The high-energy, short duration
infrasound signals in our model also show these characteristics. This suggests that they too are
the result of the destruction of a cap-rock plug, resulting in an open conduit. As infrasound
energy increases and infrasound duration decreases the probability of electrical activity in the
plume increased (Fig. 3.6 A, D). The events with high infrasound energy (> 107 J) also had
higher VASR values (> ~5, Fig. 3.7 Cluster B). Johnson and Aster (2005) relate high VASR
values to wide and open conduits, as well as long-duration, low-amplitude seismic signals. This
is consistent with seismic energy not being significant to the model (and therefore not included)
but seismic duration being significant (Fig. 3.6C). Therefore, we can speculate that there is a
direct relationship between the destruction of a cap-rock plug and the production of volcanic
electrical activity.
Figure 3.7 suggests that there is a threshold value (~107 J) for the infrasound energy that
is required to nearly guarantee electrical activity occurring in the plume. At infrasound energies
less than ~ 107 J the ratio between the infrasound and seismic energies (VASR) becomes
important. In Fig. 3.7 Cluster C has a similar infrasound range to Cluster A but lower VASR
values (< 10). Unlike Cluster A, where the majority of events have no electrical activity, Cluster
C has a mix of events with and without electrical activity. This indicates that there are potentially
other factors at play not accounted for in this model, such as the ash content of the plume. Mori
et al. (1998) suggest that a high-density (high proportion of ash) plume may result in a lower
than expected infrasound energy value due to the infrasound energy being expended in the
process of evacuating the conduit of ballistics and ash. Therefore less of the energy travels away
from the immediate vent to be recorded. Johnson and Aster (2005) then went on to quantify
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Fig 3.7 VASR style plot showing distinct clusters of electrical activity. Blue dots correspond to events that did not have any electrical
activity. Plus signs indicate events that did have electrical activity. Black plus signs correspond to events that had electrical activity but no
CRF (see Table 3.1 for numerical breakdown). Red plus signs correspond to events that had electrical activity including CRF. Cluster A
shows the region where the majority of recorded events had no electrical activity. Cluster B shows the region where the majority of recoded
events had electrical activity, including CRF recorded. Cluster C shows the region where there is a gradational change as the VASR
decreases from events without electrical activity to events with electrical activity. Plots of each division of electrical activity may be found
in Appendix II.

this relationship using mass-dependent transfer of explosive energy into acoustic energy with
respect to volumetric acceleration and demonstrated that the addition of solid material into a
plume may change the infrasound signal by up to two orders of magnitude. The infrasound signal
of an otherwise large explosion may be attenuated by the ash and ballistic content of the plume.
Cluster C in this plot is possibly related to a greater presence of ash in the plume. Gaudin et al.,
(2018) and Gaudin and Cimarelli (2019) have shown experimentally that the presence of ash is a
requirement for electrical discharges in the plume. A greater presence of ash (charge carriers)
would enhance plume discharges while at the same time attenuating the infrasound; therefore the
resulting event would have a low VASR value. The lack of electrical signals in Cluster A may
indicate that these events had low ash content and were more gaseous plumes.
Additionally, if a cap-rock had either not yet developed, or a weakness in the cap-rock
plug allowed it to fracture rather than be destroyed, there may not have been enough of a
pressure build up to fragment juvenile magma into ash. An examination of the inter-event times
shows a small but statistically significant (p=0.029, Appendix II.1) difference between events
with electrical activity and events without. Events with electrical activity average longer interevent times by an average of approximately five minutes. This corresponds well to our
interpretation of events with electrical activity being related to the demolition of a cap-rock plug.
With more time between subsequent eruptions a more substantial plug can solidify, allowing for
higher pressures to build up before the explosion. This interpretation is further enhanced by our
field observations. While observing the volcano we noted that prior to the largest explosive
eruptions there would be a pause in activity of a couple hours, followed by the cessation of
fumarole activity in the vent. The visual observation of the fumaroles stopping prior to highly
explosive events indicates that the cap rock had solidified to the point of preventing any gas
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release. This shows that a solidified cap-rock and the subsequent build up of exsolved gases
preceded large eruptions. This suggests that future research should focus on the rheology of the
cap rock and its effect on electrical activity.
By examining the effect size and polarity of the effect plots (Fig. 3.6) we can see that
overall this model indicates that the probability of electrical activity increases the most with
larger explosions (as indicated by large infrasound signals). Variations on that increase are
related to the duration of signals and partitioning of the energy, which may be due to variations
in properties such as plume densities (high or low ash content will differentially attenuate the
infrasound signal), depth of explosion (1-5 km), or conduit shape. Because the infrasound energy
may be differentially attenuated by the plume density, multivariable models such as this are
important as they enable a better understanding of what other factors (signal durations or the
VASR) may be useful in interpreting the presence of electrical activity.

Subset 2
Our second subset of statistical analysis was focused on only those events that had
measured electrical activity. We developed four statistical models (S2.M1 – S2.M4), one for
each investigated electrical response.

Subset 2 Model 1 - logistic model with respect to CRF
Modeling Result
For our investigation into the CRF we used the presence or absence of the CRF signal as
our response variable. The final model’s regression equation is as follows:
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𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝐶𝑅𝐹 =
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(eq. 3.2)

where SE is seismic energy, and VASR is as above. Beta coefficients and statistical parameters
are given in Table II.3. The effect plots for this model are given in Fig. 3.8. The effect plots show
that the increase in seismic energy has a much greater effect (greater change on the y-axis) on the
probability of CRF than the increase in the VASR value.

Model Discussion
The logistic model for the presence of CRF shows a significant positive relationship with
the seismic energy and the VASR calculation. The VASR relationship has a smaller overall
effect than the seismic signal. This can again be seen in Fig. 3.9, where there is an increase in
events with CRF compared to those without as VASR increases and to a greater effect as the
seismic energy increases (upper right portion on Fig. 3.9). This indicates that in order to generate
CRF there needs to be a large explosion (indicated by the large seismic energy). We can
speculate that as one possibility the large seismic response may indicate more magma
fragmentation in the conduit, which in turn would lead to more juvenile ash (charge carriers)
traveling up and out of the conduit. A high proportion of juvenile ash at Sakurajima has been
previously related to both the presence of CRF and high amplitude (> 7 µm) seismic signals
(Smith et al., 2018). The probability of CRF is further enhanced where a greater proportion of
the emitted energy is emitted as infrasound (shown here as an increased VASR value). An
examination of the difference in arrival times between p-waves and the ground-coupled airwave
on the vertical seismic channel indicates that larger VASR values may be related to shallower
explosion depths (Appendix II. 2). This is consistent with recent work done by Méndez Harper et
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al. (2018), which shows how small electrical discharges produced in the lab are associated with
an over-pressurization of the volcanic jet flow at the vent and only exist, experimentally, while
this over-pressurization is maintained.

Fig 3.8 Effect plots for S2.M1 logistic model with respect to CRF. Panel A shows the positive effect of increasing
the VASR on the probability of CRF occurring. Panel B shows the positive effect of increasing the seismic energy
on the probability of CRF occurring.
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Fig 3.9 Plot of VASR vs. seismic energy. All events had electrical activity. Red circles are events with CRF, black
circles are events without CRF. This plot shows the positive relationships between seismic energy, the VASR, and
the production of CRF.

Subset 2 Model 2 - logistic model with respect to lightning
Modeling Result
For this model we divided the events that contained electrical signals into two sets
depending on whether or not there were lightning flashes. This yes/no was used as our response
variable. The final model’s regression equation is as follows:

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝐿𝑖𝑔ℎ𝑡𝑛𝑖𝑛𝑔 =

!
!

!!!"# ! !! !!!" !"#!" !"!!!" !"
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(eq. 3.3)

where variables are as above. Beta coefficients and statistical parameters are given in Table II.4.
The effect plots for this model are given in Fig. 3.10.

Fig 3.10 Effect plots for S2.M2 logistic model with respect to lightning flashes. Panel A shows the positive effect of
increasing the infrasound energy on the probability of lightning occurring. Panel B shows the positive effect of
increasing the infrasound duration on the probability of lightning occurring.

For this statistical model, the effect plots show that the presence of lightning flashes in the plume
is significantly related to the energy and duration of the infrasound signal, but not the seismic
signal. Figure 3.10 shows that an increase in both the infrasound energy and the infrasound
duration are related to an increase in the probability of lightning occurring. From examining the
probability axis of these effect plots we can determine that the size of the effect of the infrasound
energy (~50%) is ~2 times larger than the effect size of the duration (~20%) of the infrasound.
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Model Discussion
The logistic model with respect to the presence of lightning flashes shows that lightning
is correlated with the energy and duration of the infrasound signal. However - with an R2 of 0.16
for events in subset 2 and an R2 of only 0.24 for all events in subset 1 - the infrasound energy and
duration are not directly correlated to each other. The final model has a variance inflation factor
(vif) of only 1.17, which is well below the threshold (typically chosen as 4) where correlation
between explanatory variables may be considered a problem within the model.
The model’s effect size of the probability with respect to infrasound duration is positive
but small (Fig. 3.10). The effect size in relation to the infrasound energy is much larger. The
correlation between long duration events and lightning suggests that an extended duration of
energy input enhances the production of lightning. The high-energy input for an extended
duration would directly impact charging mechanisms in the plume by prolonging the gas-thrust
phase of the eruption. An extended gas thrust phase may indicate that deeper levels of
fragmentation may have occurred, which would provide more charged material to the plume
(Cashman and Scheu, 2015). An extended gas thrust phase has been shown to promote the
charge generation and separation required for the development of lightning, especially the small
near-vent flashes that are common at Sakurajima (Cimarelli et al., 2016). This model suggests
that the presence or absence of lightning flashes depends on infrasound parameters that impact
the plume’s charge generation through an extended gas-thrust phase as the possible result of
increased gas pressure and a larger volume of gas building up prior to the explosive event.
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Subset 2 Model 3 - linear model with respect to duration of electrical activity
Modeling Result
The overall duration of electrical activity is calculated by the time elapsed from the first
located electrical source to the last located electrical source associated with a particular explosive
eruption. The final model’s regression equation is as follows:

!

!

𝐸𝐴 = 𝛽! + 𝛽!" (log!" 𝑆𝐸) + 𝛽!" ( 𝐼𝐷 ) + 𝛽!! (log!" 𝑆𝐸 ∗

!

𝐼𝐷 )

(eq. 3.4)

where X1 is the interaction term and variables are as above. Beta coefficients and statistical
parameters are given in Table II.5. The effect plots for this model are given in Fig. 3.11.
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Fig 3.11 Effect plots for S2.M3 linear model with respect to duration of electrical activity. Panel A and B show the
negative effect of increasing seismic energy (at short infrasound durations and lower seismic energies) on the overall
duration of the electrical activity. Panels C-E show the positive effect of increasing seismic energy (at mid to long
infrasound durations) on the overall duration of electrical activity.

The model shows that the duration of electrical activity is significantly correlated to the
interaction between seismic energy and the duration of infrasound signal. As shown in Fig. 3.11,
as the infrasound duration increases, the effect of the seismic signal on the duration of electrical
activity switches from a negative coefficient at low infrasound durations to a positive coefficient
at higher infrasound durations.
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Model Discussion
The linear model relating to the duration of the electrical activity shows that the
interaction between the seismic energy and the infrasound duration variable has a significant
effect on the duration of the electrical activity. For short duration events (1-16 s, Panel A and B,
Fig. 3.11), as the seismic energy increases the duration of the electrical activity decreases,
generally. (The increase at the high end of the seismic energy in Panel A is likely due to the large
error range due to a small amount of data in this region.) This type of event is likely a deeper
event with only a short puff of activity at the surface. When the infrasound duration is increased
across the same scale of seismic activity (36 s – 100 s, Panel C-E, Fig. 3.11) there is a change in
polarity, with the duration of electrical activity increasing as the seismic signal increases. This
indicates a different type of event, where the explosion source is possibly either (1) closer to the
surface so that infrasound is emitted at the vent for a longer period of time (this may explain the
low seismic energy high duration events) or (2) a larger seismic event resulting in a longer
infrasound signal as more energy is released (this may explain the high seismic energy high
infrasound duration events). From field observations, this increase in the duration of the
infrasound signal appears to be synchronous with the duration of ash venting. An increase in the
ash venting duration would allow for an increase in overall charging through ash interaction
methods such as triboelectric charging and fracto-emission (Méndez Harper and Dufek, 2016).
As particles are charged for longer periods of time, the duration of the resulting electrical activity
would also increase, and there would be a higher net charge in the plume. Future research using a
seismo-acoustic array with more stations and better azimuthal coverage, and therefore the ability
to determine the detailed 3D locations of these explosive events in the conduit, will greatly
improve the interpretations of these models.
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Subset 2 Model 4 – linear model with respect to number of located sources
Modeling Result
The number of located sources (NLS) is a total measure of the VHF sources that were
located by the LMA. This count does not differentiate between CRF and lightning flashes but
instead is a value that loosely represents the overall electrical activity of the plume. The final
model’s regression equation is as follows:

!

!

𝑁𝐿𝑆 = 𝛽! + 𝛽!" (log!" 𝑆𝐸) + 𝛽!" (log!" 𝐼𝐸) + 𝛽!! (log!" 𝑆𝐸 ∗ log!" 𝐼𝐸) + 𝛽!" 𝑆𝐷 (eq. 3.5)

where X2 is the interaction term and other variables are as above. Beta coefficients and statistical
parameters are given in Table II.6. The effect plots for this model - (i) the interaction between
the seismic energy and the infrasound energy and (ii) the seismic signal duration - are given in
Fig. 3.12.
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Fig 3.12 Effect plots for S2.M4 linear model with respect to the number of located sources (NLS). Panels A-E show
the neutral to positive effect of increasing seismic energy (at mid to large infrasound energies) on the overall NLS.
Panel F shows the non-significant positive relationship between increasing the seismic duration and increasing the
overall NLS.

Model Discussion
To interpret the linear model for the number of located sources (NLS) described in eq.
3.5 it is helpful to think in terms of seismic vs. infrasound energy partitioning and what it means
for plume development. When there is low infrasound energy (see panel A and B of Fig. 3.12) as
seismic energy increases, the predicted NLS stays close to constant, with a small increase at the
high end of Panel A. This indicates that when there is a higher proportion of seismic to
infrasound energy that there will be less resulting electrical activity. This may result from the
explosion event occurring at a deeper source point so that most of its energy is propagated as
seismic waves and very little energy reaches the surface as infrasound. A deep event with little
surface expression would likely have a small plume with little turbulence or ash that would
negatively affect the occurrence of electrical activity. As infrasound energy increases (moving
left to right in Fig. 3.12) the overall proportion of infrasound to seismic energy increases. In
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panels C-E a threshold has been crossed where the proportion of infrasound to seismic energy
results in a clear increase in the NLS as the seismic energy increases. This indicates that in order
to have a high NLS (high overall electrical activity in the plume), there needs to be a large
explosive event that is near the surface, resulting in high infrasound partitioning into the air. If
we refer back to Fig. 3.7 we can see that this threshold of 107 J in infrasound energy is observed
as the dividing region between Cluster A and Cluster B, where events with electrical activity
become prominent.
The inclusion of the seismic duration in the model may also indicate a deeper explosion
depth, which may be significant for ash generation. Following the Vulcanian explosion model in
Clarke et al., (2015) Vulcanian explosions occur as a decompression wave and a fragmentation
wave that travel from the fractured cap rock down through the bubbly magma decompressing
and fragmenting the magma. For this dataset where each seismic wave also has a corresponding
explosive event, a longer duration seismic signal may indicate that this fragmentation wave has
travelled deeper into the conduit due to favorable conditions. This may also imply that more
juvenile magma material is fragmented and travels for a longer distance within the conduit
interacting with both the conduit walls and other ash particles – indicators of more electrical
activity as demonstrated in Smith et al., (2018).

Subset 3 Model 1 - linear regression with respect to lightning
Modeling Result
Our third subset of investigation focused on those events that had recorded lightning
flashes. We developed a linear model to investigate if the number of flashes had any relationship
to the seismic and infrasound parameters. The final model’s regression equation is as follows:
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(eq. 3.6)

where X3 is the interaction term and other variables are as above. Beta coefficients and statistical
parameters are given in Table II.7. The effect plots for this model are given in Fig. 3.13. The
effect plots for this model show a significant interaction between the 2 order polynomial of the
nd

infrasound energy and the seismic energy.
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Fig 3.13 Effect plots for S3.M1 linear model with respect to lightning flashes. The y-axis is the number of lightning
flashes. Panels A-D show the polynomial relationship between infrasound energy, seismic energy, and the number
of lightning flashes.

Model Discussion
The interaction between the 2 order polynomial of the infrasound energy and the
nd

seismic energy shows another instance of complex effect relationships with respect to an
electrical property, this time the number of lightning flashes (Fig. 3.13). Due to the non-linearity
of this model, introduced by the 2 order polynomial on the infrasound energy, note that unlike
nd

Fig. 3.11 and Fig. 3.12 the continuous x-axis in this set of interaction plots is the infrasound
energy, and each panel shows the effect based on a single seismic energy value. This
configuration of the plots showcases the non-linearity within the model.
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With the previous considerations in mind we can interpret the effect plots. In each of the
four panels (A-D) the curve follows a similar pattern of an initial decrease followed by a large
increase. The minimum of the model, near 106 J of infrasound energy, indicates that at this level
of infrasound energy where there is very little lightning predicted by the model, regardless of the
seismic energy. If we refer back to Fig. 3.7 we can see that this range of ~106 J infrasound energy
and 104 – 106 J seismic energy is the region where all Clusters A, B, and C all come together.
This part of the curve suggests a similar transition zone as seen between Cluster C and Cluster A,
where there is a dramatic decrease in electrical activity.
There is an implied steep increase in the number of lightning flashes predicted for events
in the high infrasound energy region (107 - 108 J) as indicated by the rapid increase in the slope
of regression line on the effect plot. Referring again to Fig. 3.7 we can see that this region
corresponds to Cluster B, where overall there are more events with electrical activity but fewer
events overall. By looking at the shape of the curve in Panels A-D we can determine that there is
a complicated transition zone of electrical activity in the 104 – 106 J region of seismic energy and
106 – 107 J region of infrasound energy. This is portrayed in the regression equation through the
quadratic term and the interaction term. Measurements from larger eruptions (> 106 J seismic
energy), possibly from other volcanoes, may improve the model estimates and tighten the
confidence intervals in future studies.

Overall discussion of regression modeling
Our initial hypotheses for this study were that (1) large explosive eruptions, and (2)
eruptions where a majority of the energy was partitioned as infrasound, would result in higher
levels of electrical activity in the volcanic plume. Through our six regression models (detailed
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above) we have been able show evidence for those two general hypotheses about overall
volcanic electrical activity, but also speculate on how individual types of electrical activity are
related to physical processes at the vent. Specifically, the relationship between larger explosive
events and higher probabilities of, or quantitatively more, electrical activity is clearly shown in
Subset 2 Model 1 (S2.M1) where an increase in seismic energy is decisively correlated with an
increase in the probability of CRF occurring. Similarly with S3.M1, the highest number of
lightning flashes was predicted when there were higher infrasound energies (~108 J). The
hypothesized relationship between greater infrasound partitioning and overall electrical activity
is also found to be valid. Although S1.M1 shows an increasing VASR relates to a decreasing
probability of overall electrical activity, this can be explained through the relationships shown in
Fig. 3.7 and possible interactions with other unmeasured variables, such as plume density. Model
S2.M1 specifically shows that higher VASR values are related to higher probabilities of CRF
production. In general all models suggest that highly explosive explosions that have relatively
long gas-thrust phases will result in higher levels of electrical activity, regardless of the specific
type of electrical activity examined.

Sensitivity Analysis
For these models to be valuable to the monitoring community it is important to
understand how sensitive they are to possible uncertainty in the LMA data. In order to determine
if the modeled confidence intervals encompass possible variation in the LMA data we compared
two different determinations of the duration of electrical activity, NLS, and number of lightning
flashes for a subset of events. These were the original determination used in building the model
(Analyst B) and a determination done by a separate analyst not involved in the model creation
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(Analyst A). These values were compared to determine the variation between analysts. The
variation between analysts for the duration of electrical activity is given in Table II.8.
In order to account for an unknown amount of instrumental error from the LMA
recordings for the NLS we randomly adjusted each of the 608 events for NLS values by plus or
minus 90 percent. We then input these new “error-range adjusted” NLS values into the model to
determine if an error of this size would affect the beta coefficients on the predictor variables. By
repeating this process 15,000 times we were able to determine that any change on the beta values
of the predictors due to unforeseen instrumentation error with the LMA is within the standard
error values determined by the initial run of the model and recorded in the result table. We then
repeated this entire process for +/- 80% for the duration of electrical activity and for +/- 80% for
the number of lightning flashes (using the 435 events with lightning). The percentage range to
test was determined by looking at the average differences between analyst values. For each
sensitivity analysis, the new beta coefficients (from first to third quantile) align within one
standard error of the originally modeled beta coefficient (Table II.9). The only exception is with
the lower end of the NLS for the interaction term where the 1st quantile value is 0.002 less then
the Beta minus one standard error value. Therefore we can determine that even with variation
between analysts that these models are useful for understanding the underlying relationships
between our electrical and geophysical parameters.

Comparison with Redoubt 2009
In order to investigate the extent to which these models may be applicable to a range of
volcanic systems we used two linear models (electrical activity duration - S2.M3, and number of
lightning flashes - S3.M1) and apply them to data gathered by McNutt et al., (2013) and Behnke
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et al., (2013) from the 2009 Redoubt eruption. The comparison of the predicted and measured
electrical activity parameters can be seen in Appendix II.3. There is a lack of clear correlation
between predicted and measured values.
The eruption, and subsequent electrical discharges, of Redoubt in 2009 was a
substantially larger eruptive sequence than what was seen at Sakurajima during the 2015 field
campaign. The smallest Redoubt plumes (~4 km) were still double the height of the typical
Sakurajima plume (~2 km), the largest Redoubt plumes reached almost 19 km in altitude. This
difference in plume height may play a key role in why the models for Sakurajima do not fully
extrapolate to the Redoubt data. At Sakurajima we think the charge development is due to
volcanic ash interactions. However, at high plume altitudes, such as those at Redoubt, charge
generation likely comes from both volcanic ash interactions and ice development in the upper
plume. This difference in charging mechanism likely plays a role in why the predicted values for
Redoubt are inaccurate. Additional factors such as ash aggregation, turbulent structures in the
plume, and ash chemistry may also play a role in charge generation differences between
Sakurajima and Redoubt and will be the basis of future research.
Another limitation in the comparison of Redoubt LMA data to Sakurajima LMA data is
the sensitivity of the LMA system. The studies of the Redoubt eruption only used four LMA
stations, whereas this study at Sakurajima used nine stations. This limits the degrees of freedom
available for locating the electrical sources and increases the likelihood of higher levels of noise
being reported as electrical sources at Redoubt. Additionally, The Redoubt stations were located
at a greater distance from the volcanic activity (~80 km) compared to the LMA stations at
Sakurajima (~2-10 km). This increased distance would result in a decreased sensitivity in
recording flashes in the smaller Redoubt plumes.
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Future investigations of volcanic lightning and these statistical relationships should focus
on using a broad range of volcanic eruption scales and standardized LMA networks/processing
in order to refine the models and better determine how small, easily accessible events at
volcanoes like Sakurajima, can and can not be scaled to larger, more infrequent but more
dangerous events, like those at Redoubt.

Conclusions
Our initial hypothesis was that relatively large explosive events that had a high
proportion of infrasound energy would result in higher quantified electrical measurements. What
we found, for Sakurajima, aligns with this hypothesis but also shows the complicated and
sometimes non-intuitive relationships between electric and geophysical parameters (eq. 3.1-3.6).
This is exemplified by each electrical parameter having a different set of significant predictor
variables and different relationships between predictors (linear, interactions, and polynomial
terms). Threading through all six models we do see that the general trend is that larger
explosions (measured by seismic energy or infrasound energy) or events where the majority of
the energy partitions to the atmosphere (measured by the VASR) correlate with increased
electrical activity (measured by higher NLS, longer durations of activity, CRF presence, and
number of lightning flashes).
To effectively integrate volcanic lightning into a monitoring context it is important to
understand what different information electrical signals can tell us about the geophysical
parameters of the source. This work indicates the complexity of these relationships and that
future work needs to be done to refine these models. The addition of more varied datasets from
different volcanoes with different compositions and eruption types, will help determine what
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other parameters are correlated with electrical parameters, as well as to improve error bounds.
Additionally, the examination of plume specific parameters, as demonstrated in Chapter 4, will
further refine these models.
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CHAPTER FOUR:
A STATISTICAL INVESTIGATION OF PLUME DYNAMICS AND VOLCANIC
ELECTRICAL ACTIVITY AT SAKURAJIMA VOLCANO, JAPAN 2015
Introduction
Electrical activity at volcanoes has been recorded in explosive volcanic plumes at a wide
selection of volcanoes including: Redoubt (Hoblitt, 1994; Behnke et al., 2013; McNutt et al.,
2013; Antel et al., 2014), Augustine (Thomas et al., 2010; Thomas et al., 2007), Eyjafjallajokull
(Behnke et al., 2014; Woodhouse and Behnke 2014; Bennett et al., 2010; Arason et al., 2011),
Calbuco (Van Eaton et al., 2016), Sakurajima (Aizawa et al., 2016; Cimarelli et al., 2016; Smith
et al., 2018, Aizawa et al., 2010; Behnke et al., 2018), Kelud (Hargie et al., 2018), and Bogoslof
(Smith et al., 2018; Coombs et al., 2018). It is only recently that the detection of volcanic
lightning has enabled us to see the potential of volcanic lightning as a useful volcanic monitoring
tool. Volcanic lightning appears to only occur in ash-producing explosive eruptions (Gaudin et
al., 2018; Smith et al., 2018). Thus, lightning is a useful indicator that a plume containing ash has
developed. However, there has not yet been a comprehensive look at how the amount of
electrical activity within the plume varies with changes in plume characteristics.
Plume characteristics such as peak plume velocity, initial plume top velocity, peak
volume flux rate, and the cumulative volume of the plume are important variables for the
modeling of a plume as it develops (Herzog et al., 2003; Mastin, 2007; Costa et al., 2016; Suzuki
et al., 2016). Therefore, in this paper we will use these four parameters to investigate the
variability of the total amount of electrical activity of a volcanic plume as well as the type of
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electrical activity. Previous research (Chapter 3) has shown that seismic and infrasound signals
are correlated to overall electrical activity, therefore we will also include these parameters in
order to develop a comprehensive model.
This paper will focus on a series of explosive events that occurred at Sakurajima Volcano
from 28 May - 7 June 2015. We recorded the activity using a multiparametric instrument array
including nine Lightning Mapping Array (LMA) stations, two broadband seismometers, six
infrasound sensors, a FLIR thermal camera, and a Watec low light camera. This combination of
sensors allows us to develop a comprehensive regression model between physical and electrical
parameters.
In this paper we first discuss the different possible types of electrical signals at volcanoes.
Next, we use some simple statistics, including t-tests, to show the differences between eruptions
with and without electrical activity. Third, we develop a multivariable linear regression model
incorporating both plume and geophysical data in order to explain the overall electrical activity
of the plumes. Fourth, using this regression model we develop a conceptual physical model to
describe the interactions between plume dynamics, geophysical signals, and the electrical
activity of the plume.

Background
Volcanic electrical activity
A systematic review of the literature and media shows that as of 2012 a total of 152
different volcanoes (out of 540 historically active volcanoes) have had recorded episodes of
volcanic lightning (McNutt and Thomas, 2015). Volcanic lightning has long been visually noted
during eruptions, particularly those at night where the lightning is highly visible (McNutt and
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Williams, 2010). In the past decade a variety of lightning detection systems have been developed
that have increased the ability to quantitatively analyze volcanic lightning (Behnke and McNutt,
2014). These systems detect the electromagnetic (EM) radiation that is emitted as the air
electrically breaks down and as charge is transferred through the lightning channel. This EM
radiation spans a wide range of frequencies (3 kHz – 300 MHz) and different detection systems
have been developed to detect different bands of the radiation (Behnke and McNutt, 2014). For
example, the VLF (3-30 kHz) band is used by global detection networks such as the World Wide
Lightning Location Network (WWLLN, operated by the University of Washington) (Ewert et al.,
2010) and the Global Lightning Detector (GLD360, operated by Vaisala Inc.). This radiation is
emitted during the charge transfer that occurs during the return stroke. The radiation in the VLF
band attenuates very little as it travels the globe, reflecting off of the ionosphere. In contrast,
VHF radiation (30-300 MHz) is generated as the lightning leader propagates through the
atmosphere. VHF radiation is only detectable on ground within a few hundred km due to its
faster rate of attenuation over poorly conducting ground. However, where global VLF systems
only detect a single pulse per stroke, an have low total detection efficiencies, the VHF systems
allow for a highly defined 4D image of the lightning flash to be determined (Rison et al., 1999;
Thomas et al., 2003; Hamlin 2004; Thomas et al., 2004). In this study we use the lightning
mapping array (LMA) system, which is a type of VHF detector. This has allowed us to record
more accurate measures of electrical activity, such as the timing of individual electrical sources,
overall more lightning flashes, and the presence of differing types of electrical signals (Behnke et
al., 2018).
Figure 4.1 shows a schematic describing the different styles of volcanic electrical activity
that have been described in the literature. There are three divisions of volcanic electrical activity:
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(1) continual radio frequency (CRF) impulses, (2) near-vent lightning, and (3) plume lightning.
For an in-depth description of each type we direct the reader to Thomas et al., 2010 and Behnke
et al., 2018.

C
10 km

B

A

C

B
20 km

Fig 4.1 Types of volcanic electrical activity. (A) Continual radio frequency (CRF) impulses, which are many small
electrical sources from streamer discharges. (B) Near-vent lightning, which are small flashes in the gas-thrust
portion of the plume. (C) Plume lightning, which are large flashes and can occur away from the vent, even after
plume detachment

In this study we will use the following categories to define the electrical activity of a
volcanic event. (1) The presence of CRF - simply put was there or was there not the CRF signal
during the eruption. (2) The presence of lightning and (3) the number of located sources (NLS) defined as the total number of events that the LMA located during the eruption. The NLS is a
measure of the total amount of electrical activity (not broken down by type) within the plume.
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Plume analyses
Volcanic lightning is categorized by its scale, timing, and location within the plume. A
variety of electrical detection methods and plume analysis techniques have been previously
investigated to understand the charge structure of volcanic plumes and how these large-scale
structures relate to the overall electrical activity within the plume. Initial investigations into the
relationships between volcanic electrical activity and plume dynamics centered on determining
the charge structure within the plume and, how it developed throughout an eruption. Miura et al.,
(2002) used potential gradient measurements and charge-mass ratio measurements to model the
charge structure as a positive tripole. Behnke et al., (2014) saw different charge structures
including positive monopoles and negative-over-positive dipoles on Eyjafjallajökull. Through
LMA and ATDnet - a VLF frequency system operated by the UK Meterology office - data they
were able to determine that the charge structure of the plume at Eyjafjallajökull was variable
throughout time, displaying both positive monopole and dipole structures. Woodhouse and
Behnke (2014) proposed that water content and temperature (which influence ice formation) may
play a role in this type of variable charge distribution within the plume.
Also at Eyjafjallajökull, Bennett et al., (2010) used the local ATDnet to correlate plume
height with an hourly total lightning count rate. A limitation to this analysis however is that
lightning was only detected in plumes greater than 5 km. The Redoubt eruption in 2009 was
recorded by an LMA network and thousands of lightning flashes were documented (Behnke et
al., 2013). Over the 2-week explosive period Behnke et al., (2013) were able to parse 23 distinct
lightning episodes of varying size. A positive correlation was found to exist between the total
number of located sources (NLS) and the peak column height as derived by radar (Behnke et al.,
2013). However, the Redoubt eruption plumes were all greater than 4.5 km. This leaves a gap in
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the understanding of how volcanic lightning may be related to plume height during plumeforming eruptions that do not reach 5 km. In our work at Sakurajima we aim to develop the
relationships between electrical activity and these small (<5 km) eruption plumes.
Behnke and Bruning (2015) examined plume turbulence as the plume developed, during
the 2009 Redoubt eruption, and inferred turbulence structures based on the flash length of the
LMA recorded lightning flashes. They discovered that at the start of the eruption, when the
plume was mainly in the gas thrust and early convective phases, that the flash lengths of the
recorded lightning were small. As the plume increased in size, so did the size of the recorded
flashes. They associated this relationship to the size of charge pockets within the eddies; as the
plume developed the flashes increased in diameter, likely due to increasing eddy size as more air
is entrained, which allowed greater segregation of charge (ash particles) and therefore greater
flash lengths. The concentration and segregation of ash particles within an actively developing
plume has also been noted during volcanic plume numerical modeling experiments as compiled
by Costa et al., (2016).
At Sakurajima, Aizawa et al., (2010) used magnetotellurics (MT) to determine that the
volcanic lightning at Sakurajima was the source of MT events during smaller ash-rich events but,
were surprisingly not as common in strong, high infrasound events. MT events are caused by
negative cloud-to-ground (CG) lightning strokes. There was a lag between the start of the
eruption and the first CG’s recorded - indicating that time is required for enough charge
separation to occur in the plume to generate the lightning. Cimarelli et al., (2016) also used
magnetotellurics to determine that short lightning discharges occurred mainly within a few
hundred meters of the vent in the chaotic gas overpressure zone. They also observed that as posteruption time increased the flash length of the recorded lightning increased. This is consistent
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with the findings of Behnke and Bruning (2015), indicating that as the plume matured the charge
became better organized/segregated, and resulted in longer flash lengths.
Work by Van Eaton et al., (2016) at Calbuco showed how globally detected lightning
may be used in tandem with satellite imagery to better understand a plume’s directional
development. Through WWLLN-detected lightning they were able to deduce that there were two
separate charge layers in the plume, (1) a lower level layer that followed the track of ash lofted
from PDCs and (2) a high altitude (>10 km) layer where charging was likely enhanced through
ice generation. Van Eaton et al., (2016) also noted that it took over 30 minutes from the onset of
eruption to the first detection of lightning by WWLLN. This suggests that the flashes detected by
the WWLLN system are large ‘plume lightning’ events. This is different from the events seen at
Sakurajima, where the flashes were recorded on the (higher detailed) LMA system within
seconds of eruption onset. However, the flashes detected at Sakurajima are likely a mix of nearvent and small plume lightning events if we alter the definition of plume lightning to focus on
the flashes location within the plume more so than its overall size. The original definitions of
near-vent and plume lightning were based on the large eruptive plumes at Augustine. However,
at Sakurajima we see flashes that are located in the active jet – and would therefore be classified
as near-vent – as well as flashes that are occurring within the expanded top of the plume – which
would be better defined as plume lightning even though these flashes are still only a few km in
length.
Experimental works into electrostatic charging and volcanic lightning have shown that
there are specific relationships between charge generation and separation with respect to particle
size and pressure of eruption. Of particular interest to this study is the experimental work done
by Gaudin et al., (2018) and Gaudin and Cimarelli (2019), which shows that: (1) as the pressure
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of the explosion or the total mass increases the intensity of the discharges increase and, (2) as the
proportion of fines (< 63 µm) increases, the number of flashes also increases.

Methods
Video data
The video data used in this study were primarily derived from a FLIR SC600 camera
with secondary footage from a Watec low light camera. The FLIR data were manually recorded
and saved as .seq files where every pixel in the frame is a recorded temperature. We used the
pixel values to calculate non-temperature parameters from the data (described below). Using a
distance from camera to vent of 3683 meters and an instantaneous field of view (IFOV) of 6.5e-4
mRad the size of each pixel in meters was determined to be 2.394 m by 2.394 m. The overall
image size is 640 pixels x 480 pixels.
The Watec camera used an auto-iris lens and recorded in black and white. It had a wider
field of view than the FLIR and was used for continuous video recording. This continuous video
was used to estimate plume height for occasions where the top of the plume travelled out of
frame of the FLIR camera.

Particle Flow Code Processing
The FLIR data were initially analyzed using an optical flow code (Sun et al., 2010a,b)
modified by Gaudin (Pers. Comm, 2018). The optical flow method is an extension of particle
motion particle image velocimetry algorithms (MPIV) (Mori and Chang, 2009). A simplified
explanation of these algorithms follows. First, two images are loaded into the program. In our
case these are consecutive frames of the FLIR data. The MPIV program uses a combination of
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correlation, minimum quadratic differences, and recursive super-resolution methods to determine
the differences in the two images and assign velocity vectors to each pixel in the frame. For a
more in depth explanation we direct the reader to Mori and Chang, (2009) and Sun et al.,
(2010a,b).
For increased speed of computation we only computed the velocities in a rectangular
region above the vent (80 pixels tall x 640 pixels wide). The vent location was determined
manually for each video. The Gaudin extension code then takes each frame of the FLIR output
file and extracts a single horizontal line per timeframe from this analysis zone. This line was
chosen to be 40 pixels (~ 95 m) above the vent. By using the center of the analyzed section we
can mitigate the uncertainty that occurs near the edges of the analysis zone.
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These extracted lines, one per frame, are complied to build a Tacho Diagram (named
after the Greek “tacho”, for speed) as seen in Fig. 4.2. The extracted lines are re-oriented

Fig 4.2 Schematic of Tacho Diagram. (A) Example of a frame of the FLIR data file. Red box shows area analyzed
by the optical flow code. Black line with arrows shows the middle pixel line that was chosen for the frame. (B) The
chosen pixel lines are reoriented vertically, and arranged in frame order. (C) An example Tacho Diagram, zoomed in
to focus on the explosion. Bright yellow portion (indicating fast vertical velocities) is the main explosion. The color
bar shows vertical velocity in m/s Plume width is calculated from the maximum pixel width of the main explosion.
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vertically and placed in order according to time. Therefore, the y-axis of the plot can be
visualized as a cross-sectional view of the volcano with the vent located at roughly the halfway
point of the vertical axis. The x-axis is time, increasing to the right. The color of each pixel is
coded to the velocity, positive values show particles moving up and negative values indicate
particles that are falling down towards the earth. The Tacho Diagram is useful in that it easily
visualizes the plume through time, including its width, duration, and velocity.
Maximum plume heights are calculated using a Rise Diagram, as seen in Fig. 4.3
(Tournigand et al., 2017; Gaudin et al., 2017a,b). The Rise Diagram is compiled in the following
method. For each frame of the FLIR file the maximum pixel value for each row is selected. This
group of maximum pixel values is compressed into a single vertical column, where each row
value represents the maximum pixel value for the corresponding row in the original frame. This
is repeated for each frame of the FLIR file. Finally all of the columns are arranged in time order
on a single plot where the y-axis is the altitude and the x-axis is the time.
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Fig 4.3 Schematic of Rise Diagram. (A) An Example of a frame of a FLIR data file. For each row the maximum
value pixel is chosen – shown here as a red box with black outline. (B) All of the maximum pixels are then
combined into a single column for that frame and arranged in order. This is repeated for each frame of the video. (C)
An example Rise Diagram. The axes have been converted to altitude (a.s.l) and time (s). The initial plume top
velocity is taken by measuring the slope of the start of the eruption. The peak plume height is taken by measuring
from vent height to the time when the plume stops rising vertically. The brighter yellow portions denote the (1) main
explosive event and (2) a smaller subsequent event. Colors are proportional to un-calibrated temperature values.

Post-Processing
Post-processing of the Tacho Diagram gives values such as: velocity and flux profiles,
the peak particle velocity of the event, the peak volume flux and the cumulative volume of the
event (Fig. 4.4). The peak particle velocity is simply the maximum positive velocity recorded
during the explosive event (measured at the 40 pixel line above the vent – shown as the middle
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black line in Fig 4.2A). The volume flux uses the velocity profile multiplied by the maximum
plume cross sectional area of the plume (with the assumption of the plume being circular) to
determine how much material volume passed by the reference line between frames. The peak
volume flux was determined by taking the maximum flux value from the duration of the event.
The cumulative volume is the cumulative sum of the fluxes throughout the explosive event.

Fig 4.4 Examples of velocity, volume flux, and
cumulative volume profiles. (A) The maximum
velocity in m/s for the eruption. This profile is
determined by taking the maximum velocity value for
each column of the Tacho Diagram. (B) The volume
flux in m3/s for the eruption. This profile is calculated
by taking the maximum velocity value and the
maximum plume width and the assumption that the
plume is circular to calculate the volume flux through
time. (C) The cumulative volume of the plume is the
cumulative sum of the volume fluxes throughout the
eruption.
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We assumed a constant plume width for the duration of each event. This decision was made due
to the high sensitivity of the code to changing plume widths and the difficulty in consistently and
accurately outlining the entire plume. The Rise Diagram is used for determining the maximum
height of the plume. It also allows smaller pulsations and secondary explosions to be readily
visible (see 1 and 2 in Fig 4.3). The Rise Diagram is also used to calculate the initial plume top
velocity. This velocity is taken by determining the initial slope of the rising plume. All the
calculated plume parameters are shown in Table 4.1.

Table 4.1 Plume variables
Plume
Parameter
Abbreviation

Plume Parameter
Name

PVF

Peak Volume Flux

Maximum flux value calculated during the event, calculated
from particle velocity and plume width

PPV

Peak Particle Velocity

Maximum vertical particle (pixel) velocity as measured just
above the vent using the optical flow model

IPV

Initial Plume Top
Velocity

Vertical velocity of the top of the plume as it exits the vent,
calculated from the Rise Diagram

CumVol

Cumulative Volume

Total volume of the plume calculated from the flux and the
duration of the event

PPH

Peak Plume Height

Maximum height of plume measured from the Rise Diagram,
or Watec when Rise Diagram went out of frame

Definition

Seismic and infrasound data
The seismic and infrasound data used in this study were collected from 28 May – 7 June.
The seismometers used were Nanometrics Trillium Posthole Broadband 3-component and the
infrasound sensors were InfraBSU (developed by Boise State University) with a range of +/- 125
Pa. There were two seismometers, each paired with a three-sensor infrasound array. The data
were recorded using a Nanometrics Centaur digitizer. Initial event picking and event
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classification were done using the Antelope seismic processing software (BRTT, 2018), with
further analysis, including energy and duration calculations done in MATLAB using the GISMO
Toolbox (Thompson and Reyes, 2018). A detailed description of the catalog creation for the full
suite of seismic and infrasound events can be found in Chapter 3. For this study only complete
events (containing both seismic and infrasound data) that could be matched up with a FLIR
recorded plume event were used. A total of 97 events were included in the catalog.

Statistical methods
For the statistical analysis of the electrical data we show results from comparative t-tests,
simple 2D linear regressions, and more complex multivariable linear regressions. The methods of
regression model development follow those described in Chapter 3.

Results
t-tests
To statistically examine our plume data we will first run a series of comparative t-tests to
see if there are any broad differences in plume variables between those events with a specific
parameter and those events without it. An easy way to visualize a t-test is to examine a pair of
box plots and compare the ‘notches’ (Fig. 4.5). These notches are the 95% confidence interval
around the median. If the notches between the two box plots overlap then one cannot say with
95% confidence that the medians between the data are not the same. Therefore if the notches do
not overlap you can reject the null hypothesis (that the samples are from the same distribution)
and accept that the medians of the two datasets are significantly different. Running the Welches
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t-test gives a p-value to determine significance level that then backs up this quick visual test
(Fox, 2016).

CRF
We first examine the overall presence of the CRF signal with relation to our five derived
plume variables. These plume variables are: (1) peak particle velocity, (2) peak volume flux, (3)
peak plume height, (4) initial plume top velocity, and (5) the cumulative volume of the event.
For the comparison of the plume variables and CRF we created a set of box plots and the
corresponding Welches t-tests. The t-test results can be seen in Table 4.2, while an example of a
box plot can be seen in Fig. 4.5 the rest of the box plots are available in Appendix III (Fig. III.1).
These results show that there is a statistically significant difference between events with CRF
and events without CRF in all five of the plume variables. By examining the box plots more
closely we make some first order determinations on the direction of difference.

Table 4.2 CRF t-tests
Mean of No
Transform Variable P-Value Rank
CRF
Distribution
log10
IPV
0.0002
***
27.89
log10
CumVol 0.0021
**
645886.20
log10
PVF
0.0027
**
30064.85
log10
MW
0.0034
**
60.51
PPV
0.0201
*
1
9.74
-PPH
0.0283
*
834.12
*>95%, **>99%, ***>99.9% significance level

104

Mean of Yes
CRF
Distribution
53.43
2308187.00
135216.60
92.59
15.51
1015.50

Difference in
means
25.54
1662300.80
105151.75
32.08
5.77
181.38

2.2
2.0
1.8
1.6
1.4
1.2
1.0

log10(initial plume top velocity)

0.8

13
No CRF

Yes CRF

Fig 4.5 Example boxplots for CRF comparison with initial plume top velocity. The left boxplot shows the
distribution of the initial plume top velocities for those events that did not have CRF recorded in the plume. The
right boxplot shows the distribution of the initial plume top velocities for those events that did have CRF in the
plume. The lack of alignment of the notched portions of the boxes indicates that these distributions are statistically
different. The point marked 13 is a statistical outlier. This is solidified by the t-test shown in Table 4.2.

Consistently for all of the plume variables, those events with CRF have significantly
higher peak particle velocity (95th%), larger peak volume flux values (99th%), higher peak plume
height (95th%), higher initial plume top velocities (>99.9th%), and larger cumulative volume of
the plume (99th%). This indicates that the production of CRF is related to plume processes and
needs fast moving plumes with a lot of ‘material’ (a mixture of gas and solids with unknown
proportions) flowing through the vent.

Lightning
We also used t-tests to examine the presence or absence of lightning. For the lightning
examination not all of the plume variables were significant. The peak particle velocity and the
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peak plume height had p-values of 0.055 and 0.505 respectively. This indicates that it is not
possible to say with a minimum of 95th percentile confidence that the distribution of events with
lightning and the distribution of events without lightning are not the same. However, there is a
statistically significant difference with the other parameters. A consistent trend of larger peak
volume flux, higher initial plume top velocity, and larger overall cumulative volume of material
released are related to lightning production at the 99th%, 99th%, and 95th% confidence levels
respectively (Table 4.3, Fig. III.2).

Transform Variable P-Value
log10
log10
log10
log10
1
--

PVF
IPV
CumVol
MW
PPV
PPH

0.0021
0.0068
0.0141
0.0316
0.0554
0.5051

Table 4.3 Lightning t-tests
Mean of No
Rank
Lightning
Distribution
**
21054.79
**
22.83
*
453417.20
*
53.97
.
8.74
837.83

Mean of Yes
Lightning
Distribution
51483.73
35.57
1030863.00
70.67

Difference in
means

11.41
888.37

2.66
50.55

30428.94
12.74
577445.80
16.70

- not significant, . > 90%, *>95%, **>99%, ***>99.9% significance level

This implies that the production of lightning is related to the amount of material and its
initial exit velocity from the vent. The significance of the initial plume top velocity might
indicate that the charge on the particles for lightning is coming from the first batch of material
released and how much material is contained in that initial blast. More material exiting faster
would result in more charging through triboelectrification. This follows field observations where
often the initial blast would be dark grey in color (indicting a high proportion of ash) and then
transition into lighter colored white plumes towards the end of the eruption (indicating more
gaseous plumes). This suggests that the initial material released (shown through peak flux and
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cumulative volume) plays a role in the charge generation and separation within the plume which
in turn relates to the production of the volcanic lightning.
One interesting observation that comes from the t-tests is the difference in the mean
values between events with and without CRF and with and without lightning. For all CRF events
the difference between with and without is larger (between 2x and 3x) than the difference
between with and without lightning. This may imply that there is a spectrum between events
without electrical activity, events with lightning, and events with CRF and lightning.
Alternatively this may indicate that there are additional variables that are affecting the
production of lightning that are not considered in this model.

NLS models
For this study we investigated the number of located sources (NLS) in conjunction with
the plume parameters described above. We then ran a second analysis looking at the NLS with
plume parameters and the seismic/infrasound parameters that were found to be significant to
NLS in Chapter 3. We examined the NLS because it is a measure of the total electrical activity in
the plume. The NLS does not distinguish between CRF and lightning flashes and is therefore a
good way to look at overall electrical activity.

Marginal Relationships
The use of two variable linear regressions is a common method to see if there are
measurable relationships/correlations between continuous variables. However, in a complicated
system where one doesn’t have any preliminary knowledge of what the important factors are,
looking only at two-way regressions will not show the entire picture of the system. In statistics
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these are referred to as “marginal” relationships - the relationship between two variables without
consideration of any other variable. In comparison, the goal of multivariable regression is to look
at the “partial” relationship between a chosen predictor variable and the response variable. A
partial relationship is where you look at the effect of the predictor on the response while holding
all of the other predictor variables constant. However, from a monitoring standpoint the marginal
relationships hold value for rapid understanding of the system. Therefore, we start this analysis
with an examination of the marginal linear relationships between the NLS and each of the
individual plume characteristics that we measured. Once an understanding of the marginal and
partial relationships are defined and the most impactful variables are determined, temporal or
spatial statistics may be used to give further insight into the system. We leave these analyses for
future studies.
The linear regression between the NLS and the peak volume flux had the highest R2
value (0.3263) with a significance of >99.9 % (Fig. 4.6). Examining all of the marginal
relationships for not only the NLS but for the total number of lightning flashes, the duration of
electrical activity, the probability of CRF, and the overall probability of lightning we can see that
the peak volume flux has the highest correlations with all of these response variables. Only with
the total duration of electrical activity does the initial plume top velocity have the highest
correlation. All marginal relationship results can be seen in Appendix III (Table III.1, Fig. III.3).
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Fig 4.6 Example marginal regression between peak volume flux and the NLS. This plot shows the marginal
regression between the peak volume flux on the x-axis and the number of located sources on the y-axis. Boxplots
along the axis show the sample distributions and the green line shows the regression line. Regression statistics can
be found in Appendix III Table III.3

Plume Only Linear Model
In order to investigate the partial relationships between the predictor and response
variables we built a multivariable regression model. The first step of our examination was to
construct a model that only contained plume variables to determine which plume variables have
the strongest relationship to the NLS. The final regression model is:

log!" 𝑁𝐿𝑆 = 𝛽 + 𝛽!" log!" 𝑃𝑉𝐹 + 𝛽!"# log!" 𝐼𝑃𝑉 + 𝛽!!" 𝑃𝑃𝐻

(eq. 4.1)

The effect plots for this model are shown in Fig. 4.7. These effect plots show how the partial
relationships of peak volume flux, initial plume top velocity, and peak plume height all have a
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positive correlation with the NLS. The regression statistics for eq. 4.1 can be found in Appendix
III Table III.2.

Fig 4.7 Effect plots for the multivariable regression model of plume only variables with respect to the NLS. The
tick marks along the x-axis of the plot show the distribution of samples. The light blue area surrounding the
regression line indicates the 95% confidence interval of the model. (A) Effect plot for the peak volume flux. (B)
Effect plot for the initial plume top velocity (C) Effect plot for the peak plume height.

Plume and Geophysical Linear Model
To gain a more complete of the volcanic system and how it relates to volcanic electrical
activity we extended the plume only model (above) to include seismic and infrasound data. In
building this final model we started first with the variables from the plume only model in
combination with the variables from the NLS linear model from Chapter 3. We then followed the
same procedure for variable selection and model creation (see Model fitting, Chapter 3) to
determine the best overall model for NLS with both plume and geophysical measurements.
Our end result consisted of the following five variables: infrasound energy, seismic
duration, peak volume flux, initial plume top velocity, and the peak plume height.
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The final regression model is:

log!" 𝑁𝐿𝑆 = 𝛽 + 𝛽!" log!" 𝐼𝐸 + 𝛽!" 𝑆𝐷 + 𝛽!" log!" 𝑃𝑉𝐹 + 𝛽!"# log!" 𝐼𝑃𝑉 + 𝛽!!" 𝑃𝑃𝐻(eq. 4.2)

Where IE is the infrasound energy in joules and SD is the seismic signal duration in seconds. The
effect plots (Fig. 4.8) show a positive correlation between these variables and the total number of
located sources. This shows us that larger eruptions (high infrasound) that last longer, or have
deeper levels of fragmentation (longer seismic duration) that are forcefully erupted (high initial
plume velocity, peak plume height) with large amounts of material (peak flux) generated more
NLS. The regression statistics for eq. 4.2 can be found in Appendix III Table III.2.
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Fig 4.8 Effect plots for the multivariable regression model of plume plus geophysical variables with respect to the
NLS. The tick marks along the x-axis of the plot show the distribution of samples. The light blue area surrounding
the regression line indicates the 95% confidence interval of the model. (A) Effect plot for the infrasound energy. (B)
Effect plot for the seismic duration. (C) Effect plot for the peak volume flux. (D) Effect plot for the initial plume top
velocity (E) Effect plot for the peak plume height.

Discussion
The results from these final two models (eq. 4.1 and eq. 4.2) show that volcanic electrical
activity is intricately tied to both the physical plume and the geophysical measures of the
explosive source. The plume only model (eq. 4.1) shows that each of the significant variables has
a positive correlation to the total NLS of the plume. The adjusted R2 term shows that this set of
three parameters explains ~44% of all the variation in the NLS. This suggests that the conditions
of the plume and its formation are important in the production of volcanic electrical activity. This
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makes intuitive sense because the generation of electrical discharges depends on the presence
and separation of charge. The initial velocity of the top of the plume is an indication of the
strength of the explosive eruption; a faster plume top velocity suggests a stronger explosive event
to initiate the plume’s formation and movement. This would increase turbulence and in turn
collisional charging between ash particles.
Although we cannot differentiate between the proportion of solids and gas in the volume
of the plume using this method, the peak volume flux may be used as an indication of more
charged material. If we make the simplifying assumption that the solid to gas proportion of the
initial jet, prior to significant air entrainment, is constant then the higher volume would mean
more material injected into the plume as well. More charged material would allow for greater
amounts of electrical discharge to take place and thus a higher NLS. Gaudin et al., (2018) show
that discharges cannot happen without ash. Smith et al., (2018) have shown a relationship
between ash milling in the conduit with CRF production. Méndez Harper and Dufek (2016) have
shown the importance of triboelectrification for discharges. Therefore, an increased volume flux
suggests higher levels of ash interaction (increasing the potential for secondary fragmentation
and triboelectrification) within the initial plume formation resulting in more electrical activity
(shown here as NLS).
The positive correlation between the peak plume height and the total electrical activity in
these models again indicates a relationship between the amount of material and strength of
eruption. The final plume height is related to the buoyancy and momentum of the injected
material (Clarke et al., 2015). At low maximum plume heights such as those seen at Sakurajima,
we know that ice formation in the upper plume is not a factor for charge generation. Therefore,
this positive relationship is not linked to the separate charging phenomena seen at other
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volcanoes (e.g. Calbuco, Van Eaton et al., 2016) but instead must be related to the material being
ejected into the atmosphere. This observation is consistent with those seen at other volcanoes
with larger plume height ranges including Eyjafjallajökull and Redoubt (Arason et al., 2011;
Behnke et al., 2013).
Behnke et al., (2013) includes data on the NLS and the plume height. Figure III.4 shows
how the Sakurajima data also shows a positive trend. Although it is not possible to directly
compare the Redoubt and Sakurajima NLS values (Chapter 3 – Comparison with Redoubt 2009
section) this relationship gives additional reinforcement to the idea that taller plumes generate
more volcanic electrical discharges.
The adjusted R2 value of ~44% for the plume parameter only model indicates that there
are additional influential variables that are not accounted for in this model. The final model
presented in this study (eq. 4.2) is the result of adding in geophysical parameters to the initial
model, improving the overall adjusted R2 to ~52%. This indicates that the given set of variables
explain over half of the variation in the overall electrical activity of the plume. This model shows
the importance of the explosion in generating volcanic electrical activity, through the addition of
the infrasound energy and the duration of the seismic signal, both with positive correlations to
the NLS. Similarly to the discussion in Chapter 3, these two parameters point to large explosions
(high infrasound energy) that occur at different depths within the conduit since long duration
seismic signals likely result from extended decompression and fragmentation waves as they
travel to deeper depths within the conduit (Clarke et al., 2015).
There are other theories about the process of Vulcanian eruptions, including shallow
stationary fragmentation waves (e.g. Burgisser et al., 2011; Chapter 1). However, by taking into
consideration the inter-event time analysis and the wave phase arrival differences (Appendix II)
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the widely accepted interpretation of a downward travelling fragmentation wave remains a
satisfactory explanation of our model. This final model retains the plume parameters from eq.
4.1, suggesting that it is a combination of plume and explosion parameters that are able to best
predict the total NLS in the resulting plume.

Conceptual model
Using the statistical models generated above we developed the following conceptual
model to differentiate events with low to no volcanic electrical activity, events with lightning,
and events with lightning/CRF/higher levels of electrical activity (Fig. 4.9). Due to the variability
in the models, the values given are estimates based on the t-test values for the CRF and lightning
as well as the regression model values for the NLS. Our results from the t-tests indicate that at
plume heights of less than 800 m, initial plume top velocities less than 22 m/s, peak volume
fluxes of less than 2.1x104 m3/s, and total volumes of less than 4.5x105 m3, that it is unlikely to
have any electrical activity. At plume heights between 880 – 1000 m, initial plume top velocities
between 35- 55 m/s, peak volume fluxes between 5.1x104 – 1.4x105 m3/s, and total volumes
between 1x106 – 2.3x106 m3, it is likely to have lightning flashes but not CRF generation.
Finally, at plume heights greater than 1000 m, initial plume top velocities greater than 55 m/s,
peak volume fluxes greater than 1.3x105 m3/s, and total volumes greater than 2.3x106 m3 that it is
very likely to have both lightning flashes and CRF. Using the result from Fig. 4.8 we can
estimate that 100 NLS (an estimate of a large amount of electrical activity for this dataset) will
occur when the infrasound energy is greater than 107 J and the seismic duration is greater than
100 seconds. This infrasound energy estimate matches with the high electrical activity threshold
value estimated in Chapter 3. Future analysis of the specific rheology of Sakurajima’s cap rock
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during Vulcanian events in comparison to electrical activity may be able to add additional
clarification to these preliminary models.

Fig 4.9 Cartoon of conceptual model for electrical activity in a volcanic plume. (A) Plume events with little to no
electrical activity. Small, gas rich plumes, formed by small explosions close to the surface. (B) Midsize plume
events with lightning but no CRF. (C) Plume events with high levels of electrical activity, including CRF, lightning,
and high NLS. Tall, ash rich plumes, with strong gas thrust regions formed by large explosive events that potentially
occur as a result of the fragmentation wave travelling deeper into the conduit.

Limitations of the plume parameters
This study and its results rely on the parameters derived from the FLIR video footage
analysis. There is an inherent amount of uncertainty with these values. For example, the initial
plume top velocity is determined by calculating the slope of the initial explosion on the rise
diagram. Due to the steep nature of this slope slight deviations may result in velocity differences
of several 10s of m/s. Additionally, this is the first time that Tacho Diagrams have been used and
therefore the best practices for their interpretation are still being determined. Specifically, the
choice to use the maximum width of the explosive jet as a constant, and the assumption of
circular plume, throughout the eruption to calculate the cross sectional area and corresponding
flux and volume calculations will likely result in an overestimation of these values.
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Conclusions
This study demonstrates that volcanic lightning is significantly correlated to both plume
and geophysical properties. The presence of CRF is related most significantly to the initial plume
top velocity. The presence of lightning is most significantly related to the peak volume flux.
Therefore, as the size of the eruption – measured through infrasound energy, seismic signal
duration, peak volume flux, initial plume top velocity, and the peak height of the plume –
increases, the overall electrical activity – measured by CRF presence, lightning presences and the
number of located electrical sources – within the plume will increase.
Volcanic lightning’s usefulness to hazard management comes from the fact that we know
it is a clear indication that an ash-bearing plume has formed. This is unlike other geophysical
signals, for example seismic data only indicates that something is happening but it does not
indicate if the activity has breached the surface; infrasound data tells us that there was a surface
event but does not help in distinguishing if the event was ash or gas rich; visual remote sensing
methods like satellite require clear weather for visibility and are limited by overpass times and
angles. Alternatively volcanic lightning is a clear indicator that (1) a plume is forming/has
formed and (2) that there is ash in that plume (3) that the eruption was strong. A better
understanding of plume dynamics through lightning may lead to better modeling of the plumes
and to better civilian and aviation warnings in the long term.
Limitations of this study include the small range of eruptions considered. A study of this
type will benefit from using a wide range of eruption sizes in order to fully develop the
relationship between plume height and electrical activity. This is seen with the comparison to
Redoubt plume height data. This relationship is important to fully understand as the height of the
plume, along with ash concentration, plays the greatest role in determining aviation warnings. If
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volcanic lightning can be used to predict the height of the plume, when other sources are lacking,
it will greatly strengthen the argument that volcano observatories should be incorporating
volcanic lightning into their alert systems. Using the electrical activity of the volcanic plume to
monitor volcanoes is not a way to replace any previous methods but rather an exciting
complementary source of information that can provide additional insight about the developing
plume. Volcanic lightning also has the potential to provide information on the plumes location
even after the eruptive activity at the vent has ended, as demonstrated in Chapter 5.
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CHAPTER FIVE:
VOLCANIC LIGHTNING AS A MONITORING TOOL DURING THE 2016-2017
ERUPTION OF BOGOSLOF VOLCANO, AK2
Abstract
Volcanic lightning commonly occurs during powerful, ash-producing eruptions. Bogoslof
Volcano in the Aleutian Islands of Alaska erupted from December 12th 2016 to August 30th
2017. There were 64 explosive events generating ash clouds, some of which impacted aviation
and local communities. Approximately half of the eruptions produced volcanic lightning
detectable by the World Wide Lightning Location Network (WWLLN). Detections were
provided in near-real-time to the U.S. Geological Survey (USGS), representing the first time
volcanic lightning has been used in operational monitoring efforts nationwide. Lightning activity
was later verified in post-analysis by the Vaisala Global Lightning Dataset (GLD360). In this
study, we examine volcanic lightning detected by both networks, and analyze the travel direction
of the lightning. Our analysis shows that lightning azimuths matched the ash dispersal direction
from satellite 64% of the time, and Ash3d model trajectories 78% of the time. This suggests that
lightning travel direction can be a useful proxy for ash cloud dispersal in the early stages of
eruption detection.

2

This chapter has been slightly modified from when it was previously printed online as a conference paper for the ILDC/ILMC Conference in
March 2018 as: Smith, C.M., Van Eaton, A.R., Said, R., Holzworth, R.H., 2018. Volcanic lightning as a monitoring tool during the 2016-2017
eruption of Bogoslof Volcano, AK. 25th Int. Light. Detect Conf. 7th Int. Light. Meteorology Conf. 1–5. The author retains copyright, no
permission is required to reprint.
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Introduction
Lightning has long been observed during volcanic eruptions. However, it was not until
recent developments in lightning detection such as the Lightning Mapping Array (Behnke et al.,
2014; Behnke and McNutt, 2014; Behnke et al., 2013), and volcanic alerts from WWLLN (Ewert
et al, 2009, Shevtsov et al, 2016, Van Eaton et al., 2016) that detailed studies of volcanic
lightning have become possible. The near-real time detection of volcanic lightning can work in
tandem with other monitoring data, allowing rapid confirmation of an ash-producing eruption. It
has become a valuable component of comprehensive volcanic monitoring (Behnke and McNutt,
2014, McNutt and Thomas, 2015). Volcanic lightning is particularly useful for remote Alaskan
volcanoes with sparse instrumentation and little background thunderstorm activity. Bogoslof
Volcano, located in the Aleutian Islands of Alaska, is mostly submerged beneath the Bering Sea.
Its 2016–2017 eruption led to shifts between wet and dry volcanism as the edifice periodically
built up, blocking off the vent from seawater access, and then breached to create an inlet. This
water involvement is significant because it increases water entrainment into the volcanic plume,
which is thought to influence lightning. As a small, remote island volcano, Bogoslof has no insitu monitoring sensors. Therefore, the response effort relied on distant seismic and infrasound
stations as well as satellite imagery and automated volcanic lightning alerts from WWLLN.
Volcanic plumes can inject volcanic ash into the atmosphere, threatening aviation and
downwind communities. By understanding how volcanic lightning is related to plume dynamics,
we aim to improve its value as a near-real-time monitoring resource for indicating the dispersal
direction of hazardous volcanic ash (Arason et al., 2013). This development will be especially
useful in situations with limited in-situ monitoring networks, abundant cloud cover, and satellite
data latency.
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Data And Methods
In order to gain an understanding of Bogoslof’s volcanic lightning we used twenty-three
explosive events detected by both WWLLN and GLD360 to calculate: (1) the time of first
reported stroke, (2) the peak and average stroke rate, calculated as number of strokes per one
minute interval, (3) the total number of strokes recorded, and (4) the duration of lightning from
first to last stroke (Table 5.1).

Table 5.1 Volcanic lightning parameters from Bogoslof Volcano, Alaska
WWLLN

GLD360

Date of
eruptive
event
(UTC)

First Stroke
Time (UTC)

Total
Strokes

12/16/16

18:36:11.399

6

0.41

2

14.60

18:36:11.399

12/19/16

15:49:13.480

21

0.47

5

44.80

12/22/16

01:27:41.543

60

2.17

17

12/23/16

18:43:51.579

9

2.38

12/26/16

23:32:47.376

35

12/31/16

07:30:43.005

32

1/4/17

06:24:17.439

1/5/17

Average
Stroke Peak Stroke
Rate
Rate (min-1)
-1
(min )

Duration
of
lightning
(min)

Average
Stroke Rate
(min-1)

Peak Stroke
Rate (min-1)

Duration
of
lightning
(min)

41

2.81

5

14.60

15:49:13.576

35

0.78

5

44.80

27.68

01:30:09.354
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5.57

26

20.48

4

3.78

18:43:09.014

18

3.47

7

5.19

1.26

6

27.84

23:32:47.376

58

1.39

8

41.58

1.02

6

31.38

07:30:24.917

56

1.77

9

31.68

11

1.78

5

6.17

06:19:37.659

154

8.33

35

18.48

22:25:01.971

26

1.67

8

15.53

22:25:01.971

41

2.54

11

16.13

1/9/17

08:01:53.775

20

2.60

4

7.70

08:00:00.968

157

9.94

23

15.80

1/15/17

07:19:49.614

3

0.26

2

11.53

07:15:33.764

4

0.16

1

25.41

1/18/17

22:26:04.175

6

0.74

1

8.16

22:26:04.175

14

1.05

3

13.39

1/20/17

22:18:10.841

1

1.00

1

0.00

22:24:44.971

2

1.17

1

1.16

1/22/17

23:08:05.246

6

0.87

1

6.88

23:02:10.924

30

2.23

5

13.45

1/24/17

13:58:38.694

13

0.31

4

42.12

13:57:04.201

68

1.56

10

43.70

1/26/17

15:49:35.360

7

1.02

4

6.87

15:50:54.046

24

1.07

9

22.52

1/27/17

17:42:10.456

1

1.00

1

0.00

17:38:04.551

2

0.49

1

4.10

1/31/17

08:59:55.113

54

0.35

6

153.66

06:38:25.507

190

0.58

15

327.05

2/17/17

19:28:46.808

35

0.57

4

61.05

19:22:28.340

91

1.35

10

67.36

2/18/17

14:03:51.535

13

2.94

5

4.43

14:03:12.060

92

9.08

29

10.13

2/20/17

02:19:52.413

2

0.28

1

7.12

02:12:58.811

20

1.43

6

14.02

First Stroke Total
Time (UTC) Strokes

3/8/17

08:06:49.344

200

1.36

9

146.90

08:00:27.103

1437

9.11

43

157.68

5/28/17

22:40:40.324

66

2.59

8

25.52

22:37:07.717

719

20.43

61

35.19

6/10/17

12:18:20.664

7

0.13

2

54.03

12:16:16.814

31

0.55

5

56.10
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We also calculated the azimuth of the lightning locations, from the vent, reported as 0-360
degrees from geographic north, for each eruptive event. The change in the azimuthal direction of
the strokes was investigated through time. The azimuths were averaged using both an overall
cumulative average and an average of just the most recent three strokes (Fig. 5.1B). These results
were compared to ash plume trajectories as derived from the Ash3D and HYSPLIT numerical
models (Schwaiger et al., 2012) and, where available, satellite imagery (GOES, AVHRR, and
MODIS). The Ash3D model uses the 2.5-degree NCEP reanalysis wind model and gives
projected tracks for a modeled ash plume at different altitudes as well as projected ashfall deposit
thicknesses at the ground. We estimated eruption durations from seismic and infrasound data and
plume heights from satellite data where available, otherwise standard values were used.

Results
Of the 64 eruptive events, 32 (50%) produced lightning detectable by one or more of the
networks. Fifty-nine events were analyzed for this study, with 23 events (39%) detected by both
WWLLN and GLD360. Among these, WWLLN had an earlier initial stroke time for 4 events,
GLD360 had an earlier initial stroke time for 15 events, and there were 4 events where times
were the same (within 0.001s). Across all events WWLLN had a mean average stroke rate of 1.2
strokes per minute and a mean peak stroke rate of 4.6 strokes per minute. The GLD360 had a
mean average stroke rate of 3.8 strokes per minute and a mean peak stroke rate of 14.2 strokes
per minute. The mean lightning duration per event for WWLLN was 30 minutes (min <1 minute,
max 154 minutes) and for GLD360 was 43 minutes (min 1 minute, max 327 minutes).
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Fig 5.1 Bogoslof’s eruptive event on January 9, 2017. In panels A, C, and D the location of Bogoslof is indicated by
a red triangle. Panel A shows the location of the lightning detected by the WWLLN and GLD360 networks. Panel B
shows the averaged 3-stroke lightning azimuth (blue) and the distance of the lightning from the volcano (red) for the
GLD360 and WWLLN strokes. Panel C shows the thermal infrared brightness temperature difference (in Celsius)
from the MODIS satellite. The red arrow is pointing to the ash plume, recorded at 9:10 UTC. Panel D shows the
Ash3D modeled travel paths of an ash plume at this time. The different colored lines refer to the path taken by the
plume at different altitudes from 5,000 – 50,000 ft.

The azimuthal analysis shows 78% of events (18 of 23 events) where the cumulative
average azimuth of the lightning was in the same (8-point, 45o) cardinal direction as the plume
motion modeled by Ash3D. Of the 59 analyzed events 23 had recorded lightning (39%). Of these
23 events only 17 had useable satellite imagery from which to determine plume directions
(74%). Measured lightning azimuths agreed with plume azimuths 64% of the time (Table 5.2).
Therefore the ability to calculate lightning azimuths in near-real-time would have increased
knowledge of plume direction by approximately 17% when lightning was present but satellite
views were not (due to cloud cover or data latency). This assumes 64% match accuracy for the
26% of the time where satellite views were not available.
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Table 5.2 Results of plume trajectory analysis
Lightning Locations Visibly Match with:
Date of
eruptive
event
(UTC)

Plume
Height
Estimate
(km asl)

Source of
Plume
Height
Estimate

Ash
cloud in
satellite

12/16/16

6.1

GOES

12/19/16

Not
Determined

12/22/16

Lightning Azimuths Match with:

Ash3D
modeled
cloud

Ash3D
dispersal
axis of
deposit
isopach

Wind
trajectory at
altitude (feet)

Ash
cloud in
satellite

Ash3D
modeled
cloud

Wind
trajectory
at altitude
of visual
match

No Data

Yes

0.3mm

5000–40,000

No Data

Yes

Yes

GOES

No Data

Yes

3mm–1cm

5000–20000,
40000–50000

No Data

Yes

Yes

8.7

AVHRR

No Data

Yes

3mm

20000–30000

No Data

Yes

Yes

12/23/16

Not
Determined

GOES

No Data

Yes

0.1mm

5000–15000

No Data

Yes

Yes

12/26/16

8.5

AVHRR &
MODIS

Yes

Yes

0.3–1mm

5000–50000

Yes

Yes

Yes

12/31/16

Not
Determined

GOES

No Data

Yes

0.3mm

5000–20000

No Data

Yes

Yes

1/4/17

8.7

GOES

Yes

Yes

1mm–
3mm

10000–50000

Yes

Yes

Yes

1/5/17

11.8

VIIRS

No

Yes

1mm

5000–30000

No

Yes

Yes

1/9/17

9.4

VIIRS

Yes

Yes

1mm

5000–40000

Yes

Yes

Yes

1/15/17

Not
Determined

GOES

No Data

No

edge (0–
3mm)

No

No Data

No

No

1/18/17

8.5

MODIS

Yes

Yes

3mm

5000–15000

Yes

Yes

Yes

1/20/17

7.5

MODIS

No

No

edge (0–
0.3mm)

No

No

No

No

1/22/17

6.6

GOES

Yes

Yes

0.3mm–
1mm

5000–10000

No

Yes

Yes

1/24/17

7

AVHRR

No

Yes

0.3mm–
1mm

10000–50000

Yes

Yes

Yes

1/26/17

5.5-9.8

GOES

Yes

Yes

1mm

5000–50000

Yes

Yes

Yes

1/27/17

Nonunique
solution

AVHRR

Yes

Yes

1cm

5000–30000

No

No

No

1/31/17

5.9

MODIS

Yes

Yes

1cm

5000–50000

Yes

Yes

Yes

2/17/17

5.9

AVHRR

Yes

No

edge
(0.1mm–
1cm)

Close 15000–
30000

Yes

No

No

No

No

No

6.5

AVHRR

Yes

Yes

3mm

3000050000–
WWLLN
5000-50000–
GLD360

2/20/17

6.1-13.4

GOES

Yes

Yes

3mm–1cm

5000–50000

Yes

Yes

Yes

3/8/17

Nonunique
solution

VIIRS

Yes

Yes

1cm–3cm

10000–50000

Yes

Yes

Yes

5/28/17

10.1

MODIS

Yes

Yes

1cm

5000–20000

Yes

Yes

Yes

6/10/17

9.5

VIIRS

Yes

Yes

edge
(1cm)

5000–10000

No

Yes

Yes

2/18/17
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Discussion
The regional detection efficiency for each network near individual volcanoes is important
to characterize in order to develop a baseline for these networks as volcanic lightning becomes
more integrated into overall volcanic monitoring schemes. The timing of the first lightning stroke
is an important validation of seismic and infrasound data, and provides confirmation that ash was
ejected into the atmosphere. Bogoslof is unique in that its high latitude precludes much natural
thunderstorm lightning, making it an ideal candidate to study how global lightning detection
systems record volcanic lightning. Analysis of volcanic lightning using near-field detection
systems, such as the New Mexico Institute of Technology’s Lightning Mapping Array (LMA),
has shown that near-vent volcanic lightning typically has shorter flash lengths and lower power
than the larger lightning events that occur in the upper plume (Thomas et al., 2010). Therefore, in
order to best utilize long-range networks their detection efficiencies with relation to volcanic
lightning must be recorded and analyzed.
The ability to look at the azimuthal spread of the lightning around the vent gives
information on the developing plume. If the azimuths are radially distributed throughout the 360o
range then the charge carriers in the plume are likely spreading radially in the atmosphere,
creating an umbrella cloud that spreads out at the level of neutral buoyancy (akin to the sheared
top of a towering cumulonimbus). This would indicate a high-energy, sustained eruption that is
not yet being controlled by the local wind field. A radially spreading plume may also (rarely) be
attributed to a ‘no-wind’ scenario like that seen at Pululagua in Ecuador (Papale and Rosi, 1993).
Conversely, if the lightning is confined within a narrow azimuthal band then the plume was likely
generated by a shorter-lived, explosive pulse and has bent over and is being highly directed by the
local wind fields.
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The 78% agreement with lightning azimuth and Ash3D modeled cloud direction also
opens another avenue for potential investigation. The Ash3D model gives plume tracks at a
variety of altitudes based on the wind field. If there is enough variance in the track at difference
altitudes it may be possible to determine the altitude of the charged layer of the plume from the
combination of lightning and wind model data. This would give some additional constraints on
plume height, which is important for aviation warnings.
There are several possibilities to explain why the lightning stroke locations and the Ash3D
models or satellite images may not match. For example, parallax from low-angle geostationary
satellite views (i.e. GOES) can displace the apparent plume tens of kilometers away from its
actual location. For lightning strokes that occur near the vent, this discrepancy may result in a
location mismatch. Meteorological cloud cover in satellite images may also obscure some of the
ash. Discrepancies between lightning trajectories and the Ash3D modeled cloud direction may
result from two possibilities: (1) charge-carriers below the minimum modeled wind field in
Ash3D causing lightning, and (2) errors in the model wind field, transporting ash to unrealistic
locations. Bogoslof alternates between sub-aqueous and sub-aerial, the plume formation therefore
starts at approximately sea-level. However, the first altitude trajectory measured by the Hysplit
program was 5000 m. Therefore, any lower level lightning strokes may be attributed to a lower
altitude charge plane that may be traveling in a different direction. Errors in the modeled wind
filed data may result from localized variations in the wind field not captured in the NCEP
reanalysis 2.5-degree scale.
By combining the lightning data with the Ash3D models it is possible to conclude, for the
given example, that: (1) a plume did form, (2) it traveled northwest, and (3) it is likely less than
50,000 ft. in altitude, based on wind directions. In this way it is possible to estimate where the
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plume is located during the crucial early minutes of eruption—before satellite images are
available—and estimate its maximum plume height. The wind model is a limiting factor in this
analysis, as any error in this wind data will be propagated into the Ash3D model plume
trajectories.

Conclusions
Volcanic lightning is a valuable addition to the current suite of monitoring methods at
volcanic observatories, such as seismic and infrasound sensors. Use of global networks like
WWLLN and GLD360 does not require in situ equipment, so it is ideal for remote volcanoes such
as those in the Aleutian Arc.
Our work at Bogoslof shows that globally detectable volcanic lightning occurred during
approximately half of the explosive events of this eruption. We have shown that the cumulative
azimuth of lightning strokes can help estimate where the plume is located and what direction it is
travelling, even before satellite imagery can provide visual confirmation. By tracking the location
of lightning in reference to the volcanic vent, it may be possible in some cases to combine
lightning with model results and better estimate plume direction and height.
Lightning stroke rates and durations may hold additional information on physical
processes, such as eruption rate, plume height, ash content, and ice formation in the plume, all of
which influence the plume dynamics, and therefore aviation warnings. Our findings suggest that
analysis of lightning trajectories may assist the detection and forecasting of ash-related hazards. If
volcanic lightning is present it is highly probable that an ash-containing plume has developed.
Every volcano is different and the trends seen at Bogoslof may not be representative of volcanic
lightning at other volcanoes. The near-instantaneous detection of volcanic lightning, its many
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possible uses, and its variability between volcanoes makes it an important avenue for ongoing
volcanic monitoring research.
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CHAPTER SIX:
CONCLUSIONS
This dissertation has explored a multiparametric case study of volcanic electrical activity,
focusing on LMA data at Sakurajima Volcano, Japan with a supplement of global lightning
detections at Bogoslof, AK. Parameters explored include ash textures and composition,
geophysical signals, and plume dynamics.
In Chapter 2, 15 volcanic ash samples were characterized based on componentry and
shape and related to the volcanic electrical signal of CRF (continual radio frequency) impulses. It
was shown that CRF occurred during eruptive events that were glass-rich and lithic-poor. This
indicates that the production of the CRF signal is related to the fragmentation of new, juvenile
magma rather than recycled material. The CRF signal was also associated with samples where
the shape distribution of the ash was skewed towards more equant, rather than elongate particles.
This suggests that CRF is related to both the initial fragmentation of the ash as well as secondary
fragmentation due to milling of the ash in the conduit. Triboelectrification as the particles
interact in the dense, high velocity flow also likely contributes to CRF. This relationship with
shape was only present for the CRF signal, not the overall electrical activity of the plume,
indicating that later discharges are more influenced by plume development and other charging
mechanisms.
In Chapter 3, six different multivariable statistical models were developed to determine
how volcanic electrical activity is related to geophysical parameters. Each model examined a
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different electrical measurement including: overall presence of electrical activity in the plume,
the presence of CRF, the presence of lightning flashes, the duration of electrical activity, the
number of located sources, and the number of lightning flashes. Both logistic and linear
regression models were used. The results show that although each electrical parameter resulted in
a different model with a different set of predictor variables, the common trend through the
models is that larger explosions with increased energy partitioned into the atmosphere produce
higher levels of electrical activity, regardless of the specific electrical parameter. However, a
validation attempt of these models with the Redoubt 2009 data indicates that these models may
only be valid for small Vulcanian eruptions like those at Sakurajima. This suggests that
additional charging mechanisms, i.e. ice formation, become relevant in large, high altitude
plumes like Redoubt. Additional data and modeling incorporating a range of volcanic eruption
sizes (VEI 1-6) will help clarify these trends.
In Chapter 4, plume parameters are determined from radiometric FLIR data using an
optical flow method. Boxplots and t-tests are used to determine large-scale differences in events
with and without CRF and lightning. Multivariable linear regressions are built with the NLS as
the response: one model with only plume-derived explanatory variables and one model with both
plume and geophysical explanatory variables. A conceptual model is made using the results of
these four analyses showing that there is a continuum in volcanic eruptions. Small eruptive
events are not likely to have electrical activity. Moderate eruptions are likely to generate
lightning but not CRF. The largest eruptions (defined by plume height > 1 km, plume top
velocities > 55 m/s, infrasound energy > 107 J) are likely to generate both CRF and lightning.
In Chapter 5, globally detected lightning strokes from the nine-month eruption of
Bogoslof Volcano, AK were examined to see if the locations of the flashes matched with satellite
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imagery and Ash3D models of the plumes. Approximately half of the explosive events during
this eruption produced globally detectable lightning. By tracking the azimuth of the lightning
locations to the volcano we were able to determine that the average lightning location azimuth
matched the satellite dispersal direction 64% of the time and matched with Ash3D models 78%
of the time. Due to the time delay between satellite passes this analysis shows that globally
detected lightning is a valuable resource for determining plume presence and direction of travel
during the early stages of development.
The set of analyses in this dissertation can be taken together to better understand the
volcanic circumstances under which electrical activity at volcanoes – specifically small VEI 2
Vulcanian eruptions – occurs. Through each chapter it has been shown that there is a difference
in the characteristics (physical and geophysical) of the eruptions in which CRF and lightning
occur. For example in Chapter 2 it was shown that the shape distribution of the ash was related to
CRF production but not overall NLS – indicating that parameters other than milling in the
conduit were important for the volcanic lightning generation. Chapter 3 further developed that
different parameters are correlated with CRF in comparison to lightning. For example, the
probability of CRF was most significantly related to the VASR and seismic energy (S2.M1)
whereas the probability of lightning was most significantly correlated with the infrasound energy
and infrasound duration (S2.M2). The plume parameters explored in Chapter 4 add in additional
information about the scale of the eruption required to generate these different electrical
activities. Lightning is shown to be able to occur even in quite small plume events, whereas CRF
requires larger, faster moving plumes. Additionally, the relationship demonstrated in Chapter 2
between the presence of juvenile magma and CRF is further evidence that CRF is related to large
explosions that are fragmenting and evacuating fresh magma from deep within the conduit. The
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argument for a deep fragmentation is evidenced from both juvenile magma undergoing extensive
milling as well as the increased seismic duration times being relevant to both models eq. 3.2 and
eq. 4.2. Taken together these results suggest that CRF is dependent on initial parameters (depth
and strength) of the explosion whereas lightning if more dependent on the development of the
plume itself. The conceptual model given in Figure 4.9 demonstrates these differences in
required parameters for lightning or CRF production. This dissertation has shown that the
electrical activity of a volcano is influenced by a variety of factors with complex relationships.
Therefore, to integrate LMA detected volcanic electrical activity into a monitoring capacity it
will be important for to define which type of electrical activity (CRF or lightning) is of interest
based on the specific monitoring goal (e.g. plume presence/location, ash characteristics,
explosivity).
This dissertation demonstrates the first attempt to correlate LMA electrical data with ash
characteristics and to use multivariable statistics to correlate LMA data with a range of
geophysical parameters and plume characteristics in order to better understand the situations
under which electrical activity occurs at volcanoes. As outlined in each chapter there are
limitations to these analyses. With the ash analysis the main limitation comes from the singular
collection source of our samples. A better representation of the total grain size distribution of the
plume through either more robust ground collection of ash or developing in-plume sampling
techniques will greatly enhance our analyses. A major limitation for the work done in Chapter 3
and 4 is its potential to be scaled and compared to other eruptions. This stems from difficulties in
comparisons between LMA data gathered from differing station numbers and layouts as well as
human differences in the manual processing of the data (described in Chapter 3). Therefore,
future research should focus on how best to mitigate these differences through standardization
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processes for LMA data collection and processing, as well as the reanalysis of past events to
better determine if the general trends modeled in this Sakurajima dataset exist at other volcanoes.
The simplifying assumptions of a singular plume width and consistent gas/particle concentration
are additional limitations for the plume analysis done in Chapter 4. Further sensitivity analyses
of these parameters will help validate the model results. Despite these limitations this dissertation
provides a solid foundation to build off of to continue to examine volcanic LMA data within the
multiparametric scope of volcano monitoring.
In conclusion, monitoring the electrical activity of volcanic eruptions is a valuable new
tool for volcano monitoring observatories. By further researching and developing these volcanic
lightning and CRF models scientists will have the potential to help identify dangerous volcanic
ash plumes faster. Understanding how volcanic electrical activity is related to ash, plume, and
explosion parameters will allow more informed decisions to be made during the crucial first halfhour period of an explosive volcanic eruption.
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Crystallinity
By combining our crystallinity data (areal fraction of plagioclase) of the ash samples with
the maximum seismic amplitude to the data presented by Miwa et al. (2009) we can see that the
previous lack of correlation is maintained (Fig. I.1). This indicates that there is not a
determinable physical mechanism relating the crystallinity and strength of seismic event.
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Fig I.1 Compilation of data from this study and Miwa et al. (2009). This plot shows the lack of relationship between
maximum seismic amplitude and crystallinity (areal fraction of plagioclase). Blue triangles are data from Miwa et
al., (2009). Black circles are from this study – no distinctions between events with CRF or without CRF are made in
this plot.
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Decompression and Ascent Rates
Using the Toramaru et al., (2008) MND water exsolution rate meter, Miwa et al. (2009)
were able to determine that the MND values that they calculated were related to effective
decompression rates of 2.8x103 to 8.7x103 Pa/s with average magma ascent rates within the
conduit of 0.11 to 0.35 m/s (Table 2.3). It is unknown if lightning or CRF was present in these
originally analyzed events. However, by following the same techniques of Miwa et al. (2009)
and Toramaru et al. (2008) (with the same 4 wt% water and 68 wt% silica) we infer that our
samples underwent a range of decompression rates of 1.1x103 to 2.4x103 Pa/s and a range of
average ascent velocities of 0.045 to 0.097 m/s. These average ascent velocities are an order of
magnitude smaller than those reported in Miwa et al. (2009). We conclude that these calculated
results are reasonable considering that this study looked at events with smaller overall magnitude
(when compared to Miwa et al.’s event set) as determined by seismic amplitude. A slower ascent
velocity (lower decompression rate) would result in less new magma degassing under the
solidified cap. With less gas buildup the resultant explosive events would be smaller (Miwa et
al., 2009).
Figure I.2 shows the lack of relationship between the amount of electrification in the plume
(NLS) and the ascent velocity. There is also no relationship between ascent velocity and CRF as
indicated by the color coded points - red for CRF, black for a lack of CRF.
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Fig I.2 Plot of the log10 of the number of located sources against calculated average ascent velocity.
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Normalized Span and Modality
In order to investigate how the size of the ash samples may be related to lightning
parameters we used the normalized span and modality coefficient calculated from the volumetric
distribution statistics as described by Houghton et al. (2013). Where, as the modality coefficient
increases, the sample can be interpreted as becoming more bimodal; as the normalized span
increases, the sample can be interpreted as becoming more heterogeneous. In their experimental
studies into the triboelectric charging of Grimsvotn ash, Houghton et al., (2013) found that, in
lab conditions, an increase in the normalized span, but not the modality, positively affected the
magnitude of triboelectric charging recorded. Cimarelli et al., (2014) also witnessed the effect of
a heterogeneous sample positively influencing the number of flashes produced in shock tube
experiments. In other words, when under lab conditions, triboelectric charging was enhanced by
an increasing heterogeneity of the ash.
During triboelectrification experiments the larger particles have been shown to charge
positively while the smaller particles in a given distribution will charge negatively (Lacks and
Sankaran, 2011). In their potential gradient experiments Miura et al., (2002) have shown that this
relationship holds in natural settings, smaller ash particles at Sakurajima were charged
negatively. We hypothesized that samples that had broad spans of grain sizes and were bimodal –
thus providing a large range of ash sizes ideal for charge separation – would show the most
electrical activity. However, we calculated the modality coefficient and normalized span for our
Sakurajima samples (Fig. I.3), from the scatter in the points indicating the presence of CRF, it is
not possible, with our dataset, to determine a clear relationship between CRF, normalized span,
and modality coefficient. This may be a result of the small set of samples in this dataset, or it
might be an indication that CRF is related to the fracto-emission charging of the fragmenting
magma as well as the triboelectric charging of particle collisions (James et al., 2000; James et al.,
2008). Further investigation into the relationship between size distribution and plume
electrification is necessary to fully determine these relationships.
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Fig I.3 Normalized span and modality coefficients. The two black division lines correspond to values given in
Houghton et al. (2013) that divide high and low modality coefficient (0.86) and high and low normalized span (1.3).
The dots plotted in red are plumes that had CRF. The upper shaded portion of the plot relates to the higher
normalized span that in Houghton et al. (2013) was related to higher magnitudes of charging.
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Fig I.4 The mean diameter (from the MPV830 numeric distribution) against the mean aspect ratio (from the
MPV830 numeric distribution). No relationship is observed between these parameters and the presence of CRF (red
symbols).
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Fig I.5 Relationship with the number of located sources. A) mean diameter (from the MPV830 numeric distribution)
and B) mean aspect ratio (from the MPV830 numeric distribution). There are no significant relationships between
these parameters. Red symbols have CRF
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Quantified CRF
Figures I.6 and I.7 show the quantified CRF metrics of Duration and Rate (respectively)
plotted against the investigated seismic and ash parameters including: maximum seismic
amplitude, % glass, % crystal, % lithic, aspect ratio, MND, and the volumetric distribution mean
grain size. Despite what our analysis has shown us with the presence of CRF being relatable to
some of these parameters there is no visible relationship between these quantifications of CRF
and the same parameters. Future investigations into the creation of CRF may shed more light on
its use as a quantified metric or if its value lies in it distinguishing between larger scale eruption
parameters.
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Fig I.6 CRF Duration against a suite of measured parameters. Including the natural log of the maximum seismic
displacement, the percentage glass component, the percentage crystal component, the percentage lithic component,
the aspect ratio, the microlite number density (MND), and the mean size of the particles from the volumetric
distribution from the laser particle size analyzer.
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Fig I.7 CRF Rate against a suite of measured parameters. Including the natural log of the maximum seismic
displacement, the percentage glass component, the percentage crystal component, the percentage lithic component,
the aspect ratio, the microlite number density (MND), and the mean size of the particles from the volumetric
distribution from the laser particle size analyzer.
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Table II.1 Detection parameters for seismic and infrasound catalog creation in Antelope
Parameter
sta window (s)
lta window (s)
threshold on
(snr)
threshold off
(snr)
filter (Hz)

Waveform Arrivals
High Frequency Low Frequency
1.0
1.0
5.0
5.0

Event Durations
0.05
7.0

3.5

3.5

2.0

3.0

3.0

1.0

1-5

0.1-1

0.8-10

Table II.2 Statistics for subset 1 model 1
S1.M1 Logistic Model with respect to Electrical Activity
Beta
Standard Error
z-value
Coefficient
Intercept
-9.864
0.665
-14.828***
Infrasound
1.608
0.133
12.133***
Energy
Seismic Duration
0.519
0.154
3.359***
Infrasound
-0.372
0.139
-2.672**
Duration
VASR
-1.365
0.173
-7.891***
Macmillan's
pseudo R0.17
squared
*>95%, **>99%, ***>99.9% significance level
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Table II.3 Statistics for subset 2 model 1
S2.M1 Logistic Model with respect to CRF
Beta
Standard Error
Coefficient
Intercept
-10.390
1.198
Seismic Energy
1.432
0.212
VASR
0.680
0.276
Macmillan's
pseudo R0.17
squared
*>95%, **>99%, ***>99.9% significance level

z-value
-8.676***
6.752***
2.466*

Table II.4 Statistics for subset 2 model 2
S2.M2 Logistic Model with respect to Lightning Flashes
Beta
Standard Error
z-value
Coefficient
Intercept
-2.585
0.775
-3.336***
Infrasound
0.507
0.147
3.457***
Energy
Infrasound
0.100
0.049
2.034*
Duration
Macmillan's
pseudo R0.04
squared value
*>95%, **>99%, ***>99.9% significance level
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Table II.5 Statistics for subset 2 model 3
S2.M3 Linear Model with respect to the Duration of Electrical
Activity
Beta
Standard Error
t-value
Coefficient
Intercept
11.086
3.689
3.005**
Seismic Energy
-1.700
0.709
-2.397*
Infrasound
-1.683
0.520
-3.238**
Duration
Interaction
between Seismic
Energy and
0.353
0.097
Infrasound
Duration
R-squared value
0.08
*>95%, **>99%, ***>99.9% significance level

3.652***

Table II.6 Statistics for subset 2 model 4
S2.M4 Linear Model with respect to NLS
Beta
Standard Error
Coefficient
Intercept
94.428
15.416
Seismic Energy
-19.539
2.835
Infrasound
-16.998
2.561
Energy
Interaction
between Seismic
Energy and
3.587
0.412
Infrasound
Energy
Seismic Duration
0.367
0.227
R-squared value
0.35
*>95%, **>99%, ***>99.9% significance level
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t-value
6.125***
-6.893***
-6.638***

8.705***
1.618

Table II.7 Statistics for subset 3 model 1
S3.M1 Linear Model with respect to Lightning Flashes
Beta
Standard Error
t-value
Coefficient
Intercept
1.362
0.148
9.227***
Seismic Energy
-0.116
0.027
-4.276***
Infrasound
-8.317
3.165
-2.628**
Energy
2nd polynomial
of Infrasound
-5.707
1.531
-3.726***
Energy
Interaction
between Seismic
Energy and
1.159
0.504
2.298*
Infrasound
Energy
Interaction
between Seismic
Energy and the
0.719
0.247
2.907**
2nd polynomial
of Infrasound
Energy
R-squared value
0.17
*>95%, **>99%, ***>99.9% significance level
Analysis of inter-event times between events with and without electrical activity
We assume that the time between recorded explosive events is related to the thickness of
the cap-rock plug that develops. A longer time between explosive events would mean more time
for material to solidify, and therefore a thicker cap-rock plug would develop. The inter-event
time is defined as the time elapsed between the start of one event and the end of the previous
event. These values were calculated in R on Subset 1. The minimum inter-event time measured
was 30 seconds and the longest inter-event time measured was 15 hours 58 minutes and 45
seconds.
A t-test was then run to see if the distributions of inter-event times between events with
electrical activity and events without electrical activity were significantly different. The t-test
results show a small but statistically significant difference in the means of the two distributions
(p-value = 0.2922). The mean value for those events without electrical activity is 8 minutes and
25 seconds. The mean value for those events with electrical activity is 13 minutes and 28
seconds.

154

Analysis of wave phase arrival differences
We assume that the variations in arrival times between the initial p-wave and the groundcouple airwave give an indication on the depth of the explosion. A relatively longer time
difference between these two arrivals may indicate a deeper explosion source. We randomly
selected events across a range of NLS values. For each event we calculated the time difference
between the P-wave and the ground-coupled airwave on the vertical seismic channel at station
SAKA. If a clear ground-coupled airwave was not visible we used the arrival time of the
infrasound wave. Tameguri et al., (2002) relate the P-wave to the initial gas bubble burst that
starts the explosive chain reaction. This initial source disturbance causes the LP-phase and
subsequent air shock from the breaking of the lava dome plug (Tameguri et al., 2002). We can
assume that the deeper this initial bubble burst and thus P-wave source forms the greater time
difference between the P-wave and the airwave. We then examined these time differences with
respect to the VASR of each event (Fig. II.1). There is a slight relationship (R2 = 0.27) where as
the arrival time difference increases the VASR decreases. This indicates that smaller VASR
values are likely related to deeper explosive events.
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Fig II.1 The time difference between the P-wave and air wave on the x-axis vs. the VASR value on the y-axis. An
R2 of 0.27 indicates a slight negative correlation between these values, indicating that high VASR values may
indicate shallower explosions.

To further explore the relationship between depth and the time difference between P-wave and
air wave arrival times we did preliminary ray path analysis to estimate ideal travel times for
explosions at a variety of depths. We used the velocity model by Uhira and Takeo (1994) to
estimate the durations of straight-line ray paths for both the seismic and air waves (Fig II.2). Our
results give a range of time differences from 8.64 seconds for a surface explosion to 10.49
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seconds for an explosion at 5 km depth. Average wind velocities may add or subtract up to two
seconds to these time differences, depending on wind direction. Looking at Fig II.1 we see that
this depth range explains around half of the data. The longer time differences (13-26 seconds)
may be explained by a variety of causes including non-linear ray paths, attenuation effects, or
human error on picking emergent signals. Additionally, these estimates are calculated assuming
that the wave is traveling through solid material that has the same velocity as the surrounding
rock. If, however, the wave is traveling through bubbly magma in the conduit the velocity would
be dramatically slower (Van Wijnaarden, 1980; Benoit and McNutt 1997). Thus increasing the
time it would take for the explosion wave to reach the surface prior to forming the airwave and
resulting in time difference values similar to what we have measured.

Fig II.2 Schematic of ray paths used to estimate arrival time differences. The red arrow indicates the ray path for the
seismic P-wave from an explosion at ~1 km depth. The blue arrows indicate the path of the wave for the infrasonic
air-wave arrival. Note that the airwave starts as a seismic wave and must travel up the conduit before forming the
infrasonic wave.
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Sensitivity analysis
Table II.8 Differences between analyst picks for a subset of events

Event
1
2
3
4
5
6
7
8
9
10
11
12
13

Duration of Electrical
Activity
Analyst A
Analyst B
60
60
107
107
22
264
202
195
40
45
30
29
38
21
29
132
20
19
13
9
20
20
29
27
14
14

Number of Located
Sources
Analyst A
Analyst B
70090
9394
33668
6248
8083
1837
5170
774
1720
1491
5675
243
8346
393
22
469
4417
497
160
38
107
41
362
90
10
15
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Number of Lightning
Flashes
Analyst A
Analyst B
21
39
42
109
13
42
38
46
20
33
3
11
6
11
1
15
13
28
2
4
1
3
2
1
1
1

Table II.9 Comparison of model and sensitivity test Beta coefficients
Model Beta Values
Beta - 1 standard error
Beta
Beta + 1 standard error
Duration of Electrical Activity
(Interaction Term)
Number of Located Sources
(Interaction Term)
Number of Located Sources
(Seismic Duration Term)
Number of Lightning Flashes
(2nd polynomial Interaction
Term)

0.256

0.353

0.450

3.175

3.587

3.999

0.140

0.367

0.594

0.472

0.719

0.966

Randomized Error Test Beta Values
1 quantile
Mean
3rd quantile
st

Duration of Electrical Activity
(Interaction Term)
Number of Located Sources
(Interaction Term)
Number of Located Sources
(Seismic Duration Term)
Number of Lightning Flashes
(2nd polynomial Interaction
Term)

0.308

0.342

0.376

3.173

3.436

3.694

0.289

0.353

0.417

0.643

0.767

0.896
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Comparison with Redoubt 2009
The predict function from the ‘stats’ package in R (R Core Team, 2017) was used to
calculate the predicted values of the duration of electrical activity, number of located sources,
and number of lightning flashes from an input of the Redoubt data collected from McNutt et al.,
(2013) and Behnke et al., (2013). This function uses the regression equations from the supplied
models (in this case eq. 3.4 and eq. 3.6 respectively) to predict the specified response. Overall
the Sakurajima models are underestimating (by orders of magnitude) the measured electrical
activity of the Redoubt eruption. The variations between predicted and measured values are
possibly due to unaccounted for effects from the Redoubt eruptions being appreciably different
from the Sakurajima eruptions in terms of scale and charging mechanism or from differences in
sensitivity of the LMA.

1.0

1.5
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2.5
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4.0

log10(Predicted Duration of Electrical Activity (s))

Fig II.3: The log10 value of the predicted duration of electrical activity in seconds based on eq. 3.4 on the x-axis
compared to the log10 value of the measured duration of electrical activity in seconds on the y-axis. The extended
duration of the measured Redoubt electrical activity may be related to ice charging occurring in the upper plume.
Even after the initial explosive activity ceases the generation of ice particles in the upper plume would create
additional charge, allowing for longer durations of electrical activity. Ice charging is not seen in the low altitude
plumes of Sakurajima and therefore our model would not account for its effects.
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Fig II.4 The log10 value of the predicted number of lightning flashes based on eq. 3.6 on the x-axis compared to the
log10 value of the measured number of lightning flashes on the y-axis. Similarly to Fig. II.3, this result is likely due
to enhanced charging due to ice generation in the plume.
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Fig II.5 Breakdown of Figure 3.11. The top plot shows all of the events recorded as both seismic and infrasound
waveforms but which had no corresponding electrical signal recorded. The middle plot shows those events that had
lightning but not CRF recorded by the LMA. The bottom plot shows just those events that have both CRF and
lightning detected by the LMA.
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log10(Peak Volume Flux)
Peak Plume Height

log10(Initial Plume Top Velocity)

log10(Cumulative Volume)

1⁄!𝑃𝑒𝑎𝑘 𝑃𝑎𝑟𝑡𝑖𝑐𝑙𝑒 𝑉𝑒𝑙𝑜𝑐𝑖𝑡𝑦

Fig III.1 Boxplots for CRF t-tests
For all plots the left boxplot (coded 0) is for the distribution of events that did not have CRF
measured in the plume. The right boxplot (coded 1) is for the distribution of events that did have
CRF measured in the plume.
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Fig III.2 Boxplots for lightning t-tests
For all plots the left boxplot (coded 0) is for the distribution of events that did not have lightning
measured in the plume. The right boxplot (coded 1) is for the distribution of events that did have
lightning measured in the plume.
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Fig III.3 Two variable linear regressions
For all plots the green line is the linear regression line. The solid red line is the loess-smoothed
line for the data. The pair of red dashes lines indicates where 95% of the data are located.
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log10(Peak Volume Flux)
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log10(Lightning Flashes)

log10(Lig

log10(Ligh

Plume Heights and NLS relationships for Sakurajima and Redoubt
This plot shows that the individual assessments of plume height are positively correlated with the
amount of electrical activity quantified by the NLS.

A

B

Fig III.4 Sakurajima and Redoubt plume heights vs. NLS
Plot A is from this study, Sakurajima Volcano 2015. Plot B consists of the data from the Redoubt 2009 eruption,
data from Behnke et al., (2013). Although the NLS values are not directly comparable it is possible to note that both
volcanoes demonstrate a positive trend where as the plume height increases the number of located electrical sources
also increases.
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Table III.1 Two variable regression statistics
Linear Regressions
Transfor
m
log10

Response
NLS

Transfor Predicto
Beta
m
r
log10
PVF
0.65128

Standard
Error
0.09602

PPV

-4.3964

IPV

1.2123

log10

NLS

log10

NLS

1
log10

log10

NLS

log10

log10

Lightning

log10

log10

Lightning

log10

log10

Lightning

PPV

log10

Lightning

1
log10

IPV

log10

NLS

-

PPH

log10

IPV

log10

PVF

log10
log10
log10
log10
log10
log10

Duration of Electrical
Activity
Duration of Electrical
Activity
Duration of Electrical
Activity
Duration of Electrical
Activity
Duration of Electrical
Activity
Lightning

log10

CumVol 0.6327

Multiple
R2
0.32630

0.7024

-6.259

***

0.29200

0.2111

5.742

***

0.25760

0.1119

5.655

***

0.25180

0.49438

0.09346

5.29

***

0.22750

CumVol 0.5077

0.1054

4.816

***

0.19630

-3.139

0.687

-4.569

***

0.18020

0.8667
0.000953
4

0.2042

4.244

***

0.15940

0.0002266

4.203

***

0.15680

1.4565

0.4602

3.165

**

0.09539

0.4697

0.2259

0.0403

*

0.04352

CumVol 0.5072

0.2501

2.028

*

0.04151

1.622

-1.765

.

0.03175

0.0004815

1.518

-

0.02369

0.000214

3.063

**

0.00285

Standard
Error
0.3856

zPPseduo R2
value Value
3.585 ***
0.1440

PVF

PPV

1

tPvalue Value
6.783 ***

-

PPH

-

PPH

-2.862
0.000731
1
0.000655

Logistic Regressions
Transfor
m
NA

Response
CRF

Transfor Predicto
Beta
m
r
log10
PVF
1.3822

NA

CRF

log10

NA

CRF

log10

NA

CRF

NA

IPV

3.174

0.9703

CumVol 1.5162

3.271

**

0.1340

0.4339

3.486

***

0.1330

-7.3603

2.612

-2.818

**

0.0790

Lightning

1
log10

PPV
PVF

1.1146

0.5312

2.098

*

0.0600

NA

Lightning

log10

CumVol

1.084

0.5077

2.135

*

0.0570

NA

Lightning

log10

IPV

1.9262

0.8729

2.207

*

0.0567

NA

CRF

-

PPH

0.001804

0.0007863

2.294

*

0.0530

NA

Lightning

PPV

3.008

-1.644

-

0.0320

NA

Lightning

-4.944
0.000480
5

0.0008095

0.594

-

0.0038

1
-

PPH
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Table III.2 Multivariable linear regression statistics
Transform Response Transform
log10

log10

NLS

NLS

Predictor

Beta Value Std. Error t-value P-Value

log10

PVF

0.4250711

0.994708

4.273

***

log10

IPV

0.7829177

0.1969496

3.975

***

-

PPH

0.000492

0.0002037

2.415

*

SeisDur

0.1104241

0.0347621

3.177

**

log10

IPV

0.6533812

0.2309373 2.8929

**

log10

PVF

0.256326

0.1218722

2.103

*

log10

InfraEnergy

0.1881779

0.1033437

1.821

.

-

PPH

0.0003406

0.0001952

1.745

.
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Adjusted R2
0.4423

0.521

APPENDIX IV
CODE AND DATA
All codes for this project can be found archived on Github at https://github.com/smithcm09
All data for this project can be found archived in the USF Library Data Archives
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